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Akkus, Cem. Ph.D. The University of Memphis. August, 2016. A Spatial Inquiry into Childhood  
Lead Poisoning in Shelby County, Tennessee. Major Professor: Esra Ozdenerol, Ph.D. 
Review of the recent literature suggests that integration of geographical information 
systems (GIS) into childhood lead exposure studies significantly enhances identifying lead 
hazards in the environment and determining at risk children.  
The purpose of this study is to find at-risk areas of childhood lead poisoning as well as 
determining risk factors in Shelby County, Tennessee. The two common deduplication methods: 
the first blood lead level (BLL) test result and the highest BLL test result were compared. Kappa 
statistic was used to investigate the effect of residential mobility on hot spots. Global and local 
spatial autocorrelations, Moran’s I and Getis and Ord’s Gi, were used to test the existence of 
global spatial autocorrelation as well as to find local pockets of high BLLs, and their trends.  
BLLs were grouped into four time periods during the 20 years between 1994 and 2013.  
Ordinary Least Squares (OLS) and Geographically Weighted Regression (GWR) were used to 
model risk factors. 
 Kappa agreement results indicated that residential mobility had an approximate effect of 
10% agreement change for multiple-screened children. Spatial autocorrelation statistics indicate 
that there is a strong global spatial autocorrelation within the BLL dataset. Local statistics 
showed that local clusters of high BLLs are concentrated in the western part of the county in the 
first period: 1994-1998 and moved to a more disperse pattern towards the east and south.  
 The global and local statistical models showed that there is a significant relationship 
between the percent of children with elevated blood lead levels (EBLLs) and the percent of 
screening, median construction year, old housing, median income, monthly rent, African 































“If one were given the task of designing a strategy to maximize exposure 
of an entire population to a neurotoxicant, it would be difficult to do 
better than to put it in the material used to line most interior surfaces of 
dwellings (i.e., paint) and to disperse it into the air and soil by emitting it 
from the tailpipe of a mobile-source whose reach is virtually unlimited 
(i.e., the automobile).” (Bellinger and Matthews 1998) 
Childhood exposure to lead remains a critical health control problem in the US (NCHH 2016). 
The widespread distribution of lead throughout the environment and the profound physiological 
and cognitive affects it has on children, even at low levels, warrants an aggressive approach 
toward identifying lead hazards in the environment, determining the population at risk for lead 
exposure and developing strategies to prevent exposure. This dissertation proposes a 
methodological approach, which compares deduplication methods, and conducts spatial 
statistical analysis of the risk factors that define childhood lead poisoning in Shelby County, 
Tennessee.  
Chapter 1 of my dissertation is a literature review of childhood lead poisoning studies 
which utilize geographical information systems. A version of this chapter has been published in 
the International Journal of Environmental Research and Public Health (Akkus and Ozdenerol 
2014). Twenty-three articles that utilize geographical information systems (GIS) are studied to 
examine the spatial modeling of childhood lead poisoning and risk factors. These articles were 
published between 1991 and 2013. The GIS use in lead studies revealed greater detail about the 
magnitude of lead poisoning. Reviewed articles indicate that surveillance and screening practices 
have extended considerable amount of importance in targeting “at-risk” populations. 
Chapter 2 of my dissertation compares two common deduplication methods: first-BLL 




residential mobility is important and should be addressed in childhood lead poisoning studies. 
Getis and Ord’s Gi statistics are utilized to address hot spot locations of high BLLs. The study 
findings indicate that GIS should be implemented into the childhood lead poisoning prevention 
efforts at the data collection phase to obtain accurate addresses.   
Chapter 3 is a geospatial analysis of environmental effects on childhood lead levels in 
Shelby County, Tennessee. It analyzes global and local risk factors of childhood lead poisoning. 
Children’s blood lead level data were provided by the Memphis Shelby County Health 
Department (SCHD). The Institutional Review Board (IRB) was approved by the University of 
Memphis (Appendix A) and a data partnership between the University of Memphis and SCHD 
was established through a memorandum of understanding. Soil lead concentrations were 
measured and analyzed by Rhodes College at 100 locations in Memphis using X-Ray 
Florescence (XRF) Spectroscopy. 
Chapter 4 concludes this research and presents research implications. Although each of 
these papers is meant to stand on their own, with discrete arguments/findings, the themes and 
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Exploring Childhood Lead Exposure through GIS: A Review of the Recent Literature 
Abstract 
Childhood exposure to lead remains a critical health control problem in the US. Integration of 
Geographic Information Systems (GIS) into childhood lead exposure studies significantly 
enhanced identifying lead hazards in the environment and determining at risk children. Research 
indicates that the toxic threshold for lead exposure was updated three times in the last four 
decades: 60 to 30 micrograms per deciliter (µg/dL) in 1975, 25µg/dL in 1985, and 10µb/dL in 
1991. These changes revealed the extent of lead poisoning. By 2012 it was evident that no safe 
blood lead threshold for the adverse effects of lead on children had been identified and the 
Center for Disease Control (CDC) currently uses a reference value of 5µg/dL. Review of the 
recent literature on GIS-based studies suggests that numerous environmental risk factors might 
be critical for lead exposure. New GIS-based studies are used in surveillance data management, 
risk analysis, lead exposure visualization, and community intervention strategies where 
geographically-targeted, specific intervention measures are taken. 







The use of GIS in environmental risk factor studies on childhood lead exposure became a focus 
of research activity in the late 1990s. This prompted the CDC to develop a guideline for the use 
of GIS in childhood lead poisoning studies in 2004. Even though the number of children with 
elevated blood lead levels (EBLLs) in the U.S. is decreasing, eliminating EBLLs by the year 
2020 remains a goal of the U.S. Department of Health and Human Services (CDC 2004b). The 
capacity to achieve this goal is conditional on the ability to develop strategies based on 
geographic areas (Yasnoff and Sondik 1999). Funding is another factor to achieve this goal 
especially when health departments have limited budget (CDC 2014). Despite significant 
research on the risk factors affecting childhood lead poisoning (age of housing, urban/rural 
status, race/ethnicity, socioeconomic status, population density, renter/owner occupancy, housing 
value, nutritional status), there has not been any review article discussing the GIS-based studies. 
The purpose of this article is to review previous and current GIS research to understand which 
methods currently employed have been most effective in the screening strategies and examining 
spatial epidemiology of childhood lead exposure. Another goal is to identify additional methods 
in GIS-utilized lead poisoning research that also provide public health practitioners and policy 
makers the ability to better target lead poisoning preventive interventions. Our review covers the 
time period from 1991 to 2012 and includes GIS-based studies which were published until the 
adoption of the toxicity threshold of blood lead levels of 5 microgram per-deciliter (µg/dL) by 
the CDC (CDC 2012). 
 Ecological Studies and GIS Use in Childhood Lead Poisoning 
Ecological studies focusing on the distribution of blood lead levels, susceptible 




Identification of environmental risk factors and understanding of the distribution of the lead in 
the environment is important for health departments in better targeting at risk populations (Lutz 
et al. 1998; Reissman et al. 2001; Roberts et al. 2003; Vaidyanathan et al. 2009). Ecological 
studies modeling risk factors are also valuable because they give insight to public health 
intervention strategies (Griffith et al. 2007; Haley and Talbot 2004; Kaplowitz et al. 2010; Kim et 
al. 2008; Krieger et al. 2003; Miranda et al. 2002; Oyana and Margai 2007, 2010; Sargent et al. 
1997). For ecological studies of childhood lead poisoning, one needs to identify sources of lead 
toxicity and determine environmental risk factors based on the distribution of the toxicants and 
how children come into contact with them in their daily lives (Gonzalez et al. 2002; Griffith et al. 
1998; Guthe et al. 1992; Hanchette 2008; Mielke et al. 1997, 2011a, 2013, Miranda et al. 2007, 
2011; Miranda and Dolinoy 2005). Children’s bodies absorb lead easily, especially in the brain 
and central nervous system, making them highly susceptible to the effects of lead poisoning. 
Sources of environmental lead contamination can be difficult to pinpoint because the pathways 
to lead absorption are various: (1) deteriorating lead-based paint from walls, windows, and 
doors; (2) transportation of lead contamination to the house by other means; (3) playing with 
toys which contain lead; (4) absorption of leaded dust through hand-to-mouth behavior; and (5) 
being in polluted environment (WHO 2010). The most common pathway could be hand-to-
mouth behavior especially among young children, however it is hard to know when and how 
they interact with lead contamination (McDonald and Potter 1996). Exposure during childhood is 
thought to be brief, usually until the age of 6 (Brown and Margolis 2012); however, the side 
effects persist throughout life (Graff et al. 2006). Possible sources for lead include: leaded paint, 
lead contaminated soil, lead in plumbing, automobile exhaust, by-products of both mining and 




2008; Oyana and Margai 2010; Reed 1972). After the ill effects of lead on people’s health were 
recognized, lead was first banned in Europe in the early 1900s (Bochynska 2013). Lead use in 
the US was successively banned in paint (1978) (The U.S. Consumer Product Safety 
Commission), in pipes (1986) (The Public Health and Welfare), and in gasoline (1995) (United 
States Environmental Protection Agency). Environmental lead from these sources has not been 
completely eliminated. Houses with old pipes and paint, which contaminate the drinking water 
and surrounding soil, are still a significant source of lead exposure (Brown and Margolis 2012; 
Edwards 2013, 2008). 
Despite being a preventable environmental problem, lead poisoning remains a major 
health threat and a persistent source of illness in the United States. Its estimated cost is $50.9 
billion (Trasande and Liu 2011). Changes in federal laws to limit the use of lead reversed the 
increasing trend in BLLs of children in the US between 1900 and 1975, but children aged <6 
years continued to be exposed to lead (Brown and Margolis 2012). In the US, the threshold of 
elevated blood lead level (EBLL) for childhood lead poisoning has changed four times over the 
last four decades. Before 1975, lead concentrations of 60µg/dL and above were considered 
elevated. With our increased understanding of lead poisoning, the threshold has lowered to 
30µg/dL in 1975, 25µg/dL in 1985, 10µg/dL in 1991, and finally 5µg/dL in 2012 (CDC 1975, 
1978, 1985, 1991, 2005). To date, no safe blood lead thresholds for the adverse effects of lead on 
children have been identified (Brown and Margolis 2012). GIS use in childhood lead poisoning 
studies started in the 1990s. In 1992, Wartenberg (Wartenberg 1992) conducted one of the 
earliest GIS studies on childhood lead poisoning by focusing on theoretical GIS methodologies 
rather than data analysis. Public health departments recognized the advantages of GIS in 




increasing number of GIS-based ecological studies have identified risk factors as socioeconomic 
status (SES) (Griffith et al. 1998, 2007; Haley and Talbot 2004; Kaplowitz et al. 2010; Kim et al. 
2008; Krieger et al. 2003; Miranda et al. 2002; Oyana and Margai 2007, 2010; Sargent et al. 
1997; Vaidyanathan et al. 2009), year built of housing (Griffith et al. 1998; Haley and Talbot 
2004; Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 2008; Mielke et al. 1997; Miranda et al. 
2002, 2007, Oyana and Margai 2007, 2010; Reissman et al. 2001; Roberts et al. 2003; Sargent et 
al. 1997; Vaidyanathan et al. 2009), race (Griffith et al. 1998, 2007; Haley and Talbot 2004; 
Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 2008; Miranda et al. 2002, 2007; Miranda and 
Dolinoy 2005) and ethnicity (Kim et al. 2008; Oyana and Margai 2007, 2010). 
In lead poisoning studies, GIS was used in various stages from data preparation, to 
multivariate mapping of BLLs with their risk factors, to spatial and statistical analysis. At the 
data preparation stage, address geocoding is the most used tool to transfer tabular data sets, such 
as screened children addresses, into GIS (Griffith et al. 2007; Guthe et al. 1992; Haley and 
Talbot 2004; Kaplowitz et al. 2010; Kim et al. 2008; Krieger et al. 2003; Miranda et al. 2002, 
2007, Oyana and Margai 2007, 2010; Reissman et al. 2001; Roberts et al. 2003; Sargent et al. 
1997; Vaidyanathan et al. 2009). Various GIS functions were used for multivariate mapping of 
BLLs and risk factors in a limited custom such as linking SES data with screened data records 
(Joseph et al. 2005; Litaker et al. 2000), map overlays (Laidlaw et al. 2005; Lo et al. 2012), 
distance calculations (Graber et al. 2010), and hyperlinks to demolishing sites’ photos and city 
maps for mapping dust-fall lead loadings (Farfel et al. 2003). More sophisticated spatial methods 
have also been used such as spatial clustering (Griffith et al. 1998; Mielke et al. 2011a, 2013, 
Oyana and Margai 2007, 2010), spatial autocorrelation (Griffith et al. 1998; Haley and Talbot 




2007), and risk modeling (Griffith et al. 2007; Haley and Talbot 2004; Kaplowitz et al. 2010; 
Kim et al. 2008; Krieger et al. 2003; Miranda et al. 2002; Oyana and Margai 2007, 2010; Sargent 
et al. 1997). New GIS-based studies are used in surveillance data management, risk analysis, lead 
exposure visualization, and community intervention strategies where geographically-targeted and 
specific intervention measures are taken. 
 Recent Reviews 
A review of GIS-utilized studies on childhood lead poisoning has not been conducted. 
There are some non-GIS based reviews on lead poisoning in relation to cardiovascular diseases 
(Navas-Acien et al. 2007), resuspension of urban soil (Laidlaw and Filippelli 2008), multiple risk 
factors on Hispanic sub-population (Brown and Longoria 2010), lead dust from traffic volume 
(Mielke et al. 2010), leaded gasoline on urbanized areas (Mielke et al. 2011b), and exposure to 
lead in soil dust (Laidlaw and Taylor 2011). I will describe these reviews and summarize what is 
known and unknown as a source of lead exposure and build on these reviews with our 
comprehensive review, inclusive of GIS-based studies. 
Navas-Acien et al. (Navas-Acien et al. 2007) studied lead exposure and cardiovascular 
disease in 2007. The authors reviewed studies regarding the association between BLLs and blood 
pressure, lead exposure and clinical cardiovascular disease in the general population, 
cardiovascular mortality in occupational populations exposed to lead, and lead exposure and 
intermediate cardiovascular end points. The review found a positive association but not a causal 
relationship between lead exposure and cardiovascular end points in general and occupational 
populations. The study also showed suggestive—but not causal—evidence that there is a 
relationship between lead exposure and heart rate variability. These associations were observed at 




Laidlaw et al. published two reviews about the relationship between lead in soil and 
children blood lead levels in 2008 and 2011 (Laidlaw and Filippelli 2008; Laidlaw and Taylor 
2011). In 2008, Laidlaw and Filippelli (2008) claimed that seasonality could be another source of 
lead poisoning problems besides paint chips, leaded soil, and pipes. Their review also discussed 
the study designs of “soil lead” vs. “blood lead” studies. They created a statistical model in order 
to investigate the atmospheric soil seasonality and the prediction model for atmospheric soil in 
the US. In terms of soil lead topology, they reviewed studies indicating that lead in soil decayed 
exponentially away from the historical main roads (Filippelli et al. 2005; Lejano and Ericson 
2005). Another study by Mielke et al. (2008) also suggested that changes in soil lead in the inner 
city might be better explained with historical lead deposits from traffic than from old housing 
(leaded paint). In their review in 2011, Laidlaw and Taylor (2011) focused on Australian inner 
cities as they found that there were few studies conducted in the inner cities. The authors 
suggested that there should be high density soil lead mapping as well as universal screening in 
older neighborhoods in Australia’s large inner cities. 
Brown and Longoria (2010) presented literature on sources of lead in Hispanic sub-
populations which indicates children with Hispanic origin are at high risk in the population. The 
authors reviewed the literature for lead poisoning among Hispanic populations based on their 
location, behavior, and diet. In terms of location, the review suggested that there was a 
relationship between immigrant populations and lead poisoning. Among studies they reviewed, 
Cowan et al. (2006) found that children on the Mexican side of US-Mexico border had higher 
BLLs compared to the children who lived in the US side of the border. However, poverty could 
be a confounding factor in the area (Brown and Longoria 2010). Another study (Dı́az-Barriga et 




an area close to the border of El Paso, Texas. Location based studies include migratory 
farmworkers as well. Another location-dependent behavioral pathway was the consumption of 
lead glazed pottery bits known as “pica”. This material was being consumed by women during 
their pregnancy in Mexico due to the belief that this material was helpful for the baby (Hamilton 
et al. 2001; Simpson et al. 2000). In terms of dietary intake, exposure to lead varies from folk 
remedies to imported candies. The review also suggested that there was food insecurity among 
Hispanic subpopulations which may result in iron deficiency which increases lead absorption in 
the bodies of children. 
Mielke et al. published two reviews about environmental aspects of lead poisoning in 
consecutive years 2010 and 2011 (Mielke et al. 2010, 2011b). In their 2010 review, Mielke et al. 
investigated the effect of traffic on lead poisoning regarding lead emissions and additives used in 
eight California urbanized areas. The authors used three datasets in order to show the gasoline 
lead contribution in the environment; annual lead amounts from 1927 to 1984, 1982 lead additive 
quantities for eight urbanized areas in California, and California fuel consumption data from 
1950 to 1982. The review showed that there was a correlation between the lead amount in soil 
and size of the cities. Community location was also related to the lead amount. Inner cities where 
high traffic volume occurs had higher amounts of leaded soil compared to the suburbs. The 
review also showed that the distance decay characteristics of lead in soil were similar throughout 
the US. There was a strong correlation between children BLLs and lead in soil. Mielke’s review 
confirmed the relationship between children BLLs and seasonality. Mielke et al. found a 
negative relationship between lead in soil and school performance of children. In their second 
review in 2011, they expanded their previous California study to 90 urbanized areas throughout 





A literature search was conducted to identify recent articles discussing childhood lead poisoning 
and the use of GIS and risk modeling. Several online databases were queried, including JSTOR, 
CINAHL, Web of Science, ScienceDirect, and PubMed. The following key words were used 
individually and in combination as inclusion criteria for articles to be considered for this review; 
children, childhood, pediatric, Pb, lead, poisoning, toxicity, geographic, information, systems, 
and GIS. Our review covers a 21-year period which includes GIS-based studies published since 
10µg/dL thresholds were first introduced in 1991 until the new threshold of 5µg/dL in 2012. 
Initial searches yielded approximately 981 results. The abstracts of these papers were reviewed to 
confirm applicability. After considering additional exclusion criteria (manuscripts not having 
BLL data analysis, no GIS use, non-English language, and manuscripts not available as full-
text), 23 papers remained. 
Reviewed articles were summarized and grouped into five categories screening 
methodology design, risk modeling studies, environmental risk factors, spatial analysis of genetic 
variation, and political ecology. Table 1 presents these studies under each category with GIS 
methods applied, study region, and common risk factors or major findings (Table 1). The first 
three categories focus on children’s environment. The fourth category, spatial analysis of genetic 
variation, focuses on individual’s traits. The last category, political ecology, focuses more on the 
long term socio-economic process of childhood lead poisoning. Some articles could fall into more 




Table 1. Summary of studies with common risk factors and major findings. 
GIS Analysis/Citation Region/Date Common Risk Factors/Major Findings 
Screening methodology design   
Overlay analysis, choropleth 
mapping (Lutz et al. 1998) 
Knoxville, 
TN/1998 
Old housing, and proximity to old roads/The screening data based on the study’s 
risk criteria thoroughly represents the targeted population. 
Address geocoding, overlay 
analysis, choropleth mapping 
(Reissman et al. 2001) 
Jefferson, 
KY/2001 
Old housing/Percent children with EBLLs is strongly associated with old 
housing. The screening data based on the study’s risk criteria does not fully 
represent the targeted population. 
Address geocoding, overlay 
analysis (Roberts et al. 2003) 
South 
Carolina/2003 
Old housing/EBLLs are strongly associated with old housing. The screening data 
based on the study’s risk criteria does not fully represent the targeted population.  
Address geocoding, overlay 
analysis, choropleth mapping 
(Vaidyanathan et al. 2009) 
Atlanta, 
GA/2009 
Poverty, old housing/The screening is strongly correlated with WIC (Special 
Supplemental Nutrition Program for Women, Infants and Children enrolment) 
status but not with old housing. 
Risk modeling studies   
Spatial autocorrelation (Sargent 
et al. 1997) 
Rhode 
Island/1997 
Old housing, poverty, vacancy, percent screened children, and percent 
immigrants/Older houses and vacant housing are significantly associated with 
excessive childhood lead exposure. 
Address geocoding, overlay 
analysis, choropleth mapping 
(Miranda et al. 2002) 
Durham, 
NC/2002 
Old housing, income, and race/The percentage of African American population, 
median income, and construction year of housings are significantly associated 
with childhood lead exposure. 




Poverty, education, occupation, wealth/BLLs are strongly associated with 





Table 1. (Continued) 
GIS Analysis/Citation Region/Date Common Risk Factors/Major Findings 
Risk modeling studies – 
continued   
Spatial autocorrelation with 
Simultaneous Autoregressive 




Old housing, race, poverty, population density, education, vacant housing, 
renting, and seasonality/The age of housing, education level, and percentage of 
African American population variables are significant predictors of BLLs. 
Point in polygon analysis (PIP), 
address geocoding, and spatial 
regression (Griffith et al. 2007) 
Syracuse, 
NY/2007 
House value, race/EBLLs are significantly associated with the percentage of 
African American population and average house value. 
Spatial autocorrelation, Kriging, 
Local Moran’s I, and LISA 
(Oyana and Margai 2007) 
Cook, 
IL/2007 
Old housing, income, and minority populations/The authors concluded that the 
dependent variable is significantly associated with housing age, income, and 
minority populations.  
Address geocoding, risk 
modeling (Kim et al. 2008) 
North 
Carolina/2008 
Old housing, race, percent Hispanic, income, poverty, and seasonality/All 
variables are significantly associated with childhood lead exposure. 
Address geocoding, sensitivity 
analysis (Kaplowitz et al. 2010) 
Michigan 
/2010 
Old housing, race, poverty, race, and education/BLL is associated with 
children’s immediate environment than a larger area such as a census tract or 
ZIP code. 
Spatial autocorrelation, Kriging, 
Local Moran’s I, and LISA 
(Oyana and Margai 2010) 
Cook, 
IL/2010 
Old housing, income, and minority populations/The authors concluded that the 
dependent variable is significantly associated with housing age, income, and 





Table 1. (Continued) 
GIS Analysis/Citation Region/Date Common Risk Factors/Major Findings 
Environmental risk factors   
Address geocoding, choropleth 
mapping, and overlay analysis 
(Guthe et al. 1992) 
New 
Jersey/1992 
Proximity to industrial sites emitting lead and hazardous waste sites 
contaminated with lead, and proximity to roads with high traffic volume. 
3-D Surface Modeling (Mielke 
et al. 1997) 
New Orleans, 
LA/1997 
Old housing, soil lead concentration/Association found between high soil lead 
areas and neighborhoods where children with EBLLs reside.  
Choropleth mapping, overlay 
analysis, Kriging, spatial 




Old housing, race, population density, house value, rent/BLLs are correlated 
with percentage  
of children at risk, population density, mean housing value, and percentage of 
the African American population. 
Overlay analysis, choropleth 
mapping (Gonzalez et al. 2002) 
Mexico/2002 
Proximity to a point-source of lead exposure/There is a significant association 
between children with EBLLs and their distance to a point-source of lead 
exposure. 
Address geocoding, overlay 
analysis (Miranda et al. 2007) 
North 
Carolina/2007 
Old housing, race, income, seasonality, water system/There is a correlation 
between water treatment systems and lead exposure among children. 
Overlay analysis and Kriging 
(Mielke et al. 2011a) 
New Orleans, 
LA/2011 
Proximity to old and heavily used roads/Lead additives in gasoline had more 
impact on childhood lead exposure than the dust from leaded paint. 
Overlay analysis, buffer 
analysis, spatial masking 
(Miranda et al. 2011) 
North 
Carolina/2011 
Proximity to local airports/Significant positive association found between BLLs 
and the distances to the airport locations. Seasonality, age of housing, median 





Table 1. (Continued) 
GIS Analysis/Citation Region/Date Common Risk Factors/Major Findings 
Environmental risk factors – 
continued 
  
Overlay analysis and Kriging 
(Mielke et al. 2013) 
New Orleans, 
LA/2013 
Soil lead concentrations in the old city core/A statistically significant 
relationship found between BLLs and soil lead level-proximity to old city cores. 
Spatial analysis of genetic 
variation 
  
Choropleth mapping, overlay 




Race, and genetic vulnerability. 
Political ecology   
Moran’s I, LISA, and spatial 
autocorrelation (Hanchette 2008) 
North 
Carolina/2008 
Old housing, poverty, tenant farming associated with the production of tobacco, 





Results and Discussion 
All of the reviewed articles obtained their lead toxicity data from health departments. In these 
studies, blood lead screening data was collected by clinics or health workers without GIS. Data 
collection methods may vary among states.  
Screening Activities 
 Studies on childhood lead poisoning surveillance that used GIS include Lutz et al. (1998), 
Reissman et al. (2001), Roberts et al. (2003), and Vaidyanathan et al. (2009). These studies 
followed CDC’s guidance on targeted screening (CDC 1997). The guidance requires that 
children at ages of 1 and 2 or ages of 3 and 6 should be tested if they have not been tested before 
and fall in at least one of the following criteria: residing in a ZIP code in which ≥27% of housing 
was built before 1950; receiving public assistance from programs such as Medicaid or the 
Special Supplemental Nutrition Program for Women, Infant and Children (WIC); and whose 
parents or guardians answer “yes” or “don’t know” to at least one of the questions in basic 
personal-risk questionnaire. 
 The questions included in the questionnaire are: “Does your child live in or regularly visit 
a house that was built before 1950?”; “Does your child live or regularly visit a house built before 
1978 with recent or ongoing renovations or remodeling within the last six months?”; and “Does 
your child have siblings or playmate who has or did have lead poisoning?” Some states had 
additional questions added to the CDC questionnaire. Lutz et al. (1998) defined the “at-risk” 
population based on the questionnaire criteria. The study identified old housing and proximity to 
old roads as most common risk factors among those screened children. The authors produced 
three maps using the questionnaire data and census demographics. One of the maps shows the 




“at-risk” screenings overlaid with the percentage of houses built before 1950. The third map 
plots EBLL children with the percentage of houses built before 1950. Although the study 
mapped the exact location of children, the state of Tennessee and some other states recently 
banned the disclosure of exact locations of the subjects in compliance with the HIPPA guidelines 
(OCR 2008, 2009). Lutz et al. (1998) found that the screening data thoroughly represents the 
targeted population in Knoxville, TN. 
 Reissman et al. (2001) used GIS to assist the health department’s decision making on 
screening activities in Louisville, Kentucky. The study attempts to (1) assess the efficacy of 
Jefferson County CLPP in surveying “at-risk” children and (2) determine the capability of GIS to 
find neighborhoods or housing units that pose risks to children. The first part of the study focuses 
on the childhood lead poisoning problem at the neighborhood level whereas the latter part 
examines the problem at the household level. Different from the Lutz et al. study, Reissman et al. 
considered the “at-risk” population as children between 6 and 35 months of age who reside in a 
home built before 1950 or live in a target zone where more than 27% of houses were built before 
1950. The authors compared the percentage of screened children with corresponding target zones 
by both census tracts and ZIP codes. The study found that the percentage of children with EBLLs 
is strongly associated with old housing. The study also showed that the significant numbers of 
children who live in at risk areas were not being tested throughout the county. The second part of 
the study mapped the children who are younger than 7 years old with confirmed BLL ≥20µg/dL 
and the houses where more than one child resides with confirmed BLL ≥20µg/dL. 
 Roberts et al. (2003) conducted a study over targeted lead-screening development using 
GIS in Charleston County, South Carolina. The authors obtained pediatric blood tests between 




of the houses was extracted from The Charleston County Tax Assessor. The authors first 
geocoded the children BLLs and then the buildings in the tax assessor by using 
Matchmaker/2000 address geocoding software. After the removal of duplicate building addresses 
from the tax assessor, the authors merged the two geocoded data sets: children BLLs and tax 
assessor buildings in Charleston County. Apart from Lutz et al. (1998) and Reissman et al. 
(2001), the authors categorized the housing variable in three categories; pre-1950, 1950–1977, 
and post-1977 in order to be consistent with the CDC’s recommendations. Lead poisoning 
prevalence ratios in these time frames were compared. The study also displayed the actual 
locations of the children who have elevated blood lead levels (10µg/dL and above). The study 
found that the children who live in a housing unit built before 1950 are four times more likely to 
have EBLLs than the children who live in a housing unit built after 1950. The study also found 
that there is no statistically significant difference between the children who live in a housing unit 
built between 1950 and 1977, and those who live in a housing unit built after 1977. In terms of 
screening activities, the study found that some areas with high number of pre-1950 housing were 
not screened at all. 
 Vaidyanathan et al. (2009) developed a methodology to assess neighborhood risk factors 
for lead poisoning problems in Atlanta, Georgia in 2009. Unlike the studies referred in this 
section above, this study primarily used the Special Supplemental Nutrition Program for Women, 
Infants and Children (WIC) enrollments to identify “at-risk” populations. The authors used BLL 
data of children younger than 3 years of age when their blood was drawn in 2005. Three datasets 
were used in the study; pediatric blood tests by The Georgia Childhood Lead Poisoning 
Prevention Program, the land parcel dataset for 1999 by the Center for GIS at the Georgia 




dataset. Since the boundary of block groups and neighborhoods did not coincide, the study 
followed a GIS methodology to transfer the age demographics from block groups to the 
neighborhood level in order to integrate residential land parcel data and blood lead tests with the 
demographics at the neighborhood level. The study indicated that only 11.9% of children aged 
≤36 months from the city of Atlanta were tested for lead poisoning despite the risk of high lead 
exposure. The authors created a lead exposure index for the neighborhoods based on housing age 
and poverty. The poverty measure was calculated based on the number of children who were 
enrolled to the WIC. Housing age risk levels were composed of pre-1950 and pre-1978. The 
study reveals that 90% of residential units in Atlanta were built before 1978. These housing units 
might be an important source of lead exposure since most studies in the literature established a 
relationship between old housing and lead exposure through leaded paint. The study found that 
some neighborhoods are having as low as 8% of testing in children for lead poisoning whereas 
more than 78% of the children lived in housing units built before 1950. Excluding the Lutz et al. 
study, all of the studies in this section demonstrate that corresponding health departments failed 
to account for “at-risk” populations. The studies also demonstrate that GIS could be an effective 
tool to target “at-risk” neighborhoods by health departments. 
Risk Modeling 
 This section refers to nine articles on risk model development for childhood lead 
poisoning (Griffith et al. 2007; Haley and Talbot 2004; Kaplowitz et al. 2010; Kim et al. 2008; 
Krieger et al. 2003; Miranda et al. 2002; Oyana and Margai 2007, 2010; Sargent et al. 1997). 
Sargent et al. (1997) conducted a census tract analysis over childhood lead exposure in Rhode 
Island. The study used 17,956 BLL screening records from the children who were aged 0 to 59 




excluded two of the census tracts where there were very few screening samples. The study used 
the percentage of children with BLL ≥10µg/dL as the dependent variable. The population of 
children for the census tracts was assigned based on census estimates. The study’s final model 
includes five independent variables which explained 83% of the variance in lead exposure. 
According to the final model, percentages of screened children, households with public 
assistance income, houses built before 1950, vacant houses, and recent immigrants are positively 
associated with the outcome measure. Percentages of houses built before 1950 and vacant houses 
are significantly associated with the dependent variable. The source of lead exposure in 
immigrant children was unknown due to the possibility that they could be exposed to lead in 
their home countries. The study also found that there is no association between the percentage of 
African American population and high lead exposure in Rhode Island. 
 Miranda et al. (2002) used a tax level address geocoding procedure to show high risk 
areas for North Carolina Childhood Lead Poisoning Prevention Program. The study covers the 
following North Carolina counties: Buncombe, Durham, Edgecombe, New Hanover, Orange, 
and Wilson. The authors first geocoded the screened children at the tax parcel unit in order to 
detect the age of housing from tax assessors’ datasets. Overall geocoding match rates vary from 
47.2% to 72.1% for the six counties in North Carolina. Using this geocoded dataset, the authors 
employed analysis of variance (ANOVA) and multivariate analysis to find out whether the 
independent variables (age of the building, median income, and race) are statistically associated 
with the BLLs. Miranda et al. (2002) also prioritized the Durham, NC region in four risk areas: 
(1) predicted parcels which are most likely to contain leaded paint; (2) predicted parcels which 
are less likely to contain leaded paint; (3) predicted parcels which are lesser likely to contain 




Sargent et al. (1997) study, Miranda et al. (2002) found that the dependent variable is correlated 
with the percentage of the African American population as well as median income and 
construction year of housings. One major shortcoming of the model is missing data since address 
geocoding rates may be under 50%. This study was later updated by Kim et al. in 2008. The 
authors investigated how much the additional data from more intensive geocoding processes 
improved performance of childhood lead exposure risk models in identifying areas of elevated 
lead exposure. They used a comprehensive three-level stepwise address geocoding process. 
Similar to the studies by Miranda et al. (2002) and Griffith et al. (2007), Kim et al. (2008) also 
deployed their address geocoding process based on the cadastral parcel reference system. Also 
similar to the Miranda et al. (2002) study, the geocoding success rate was lower because 31.2% 
of the addresses were not geocoded. The results in this study support the findings of the Miranda 
et al. (2002) study and also find support for the following independent variables: percentage of 
Hispanic population, percentage of households with public assistance, and seasonality are also 
strongly associated with BLLs in the studied population. 
 Krieger et al. (2003) examined temporal and spatial scale effects and the choice of 
geographical unit (i.e., census block group, census tract, and ZIP code) to monitor social 
inequalities in childhood lead poisoning. The authors used blood lead level screenings of 
children who live in Rhode Island. The screening period was between 1994 and 1996. Different 
from Miranda et al. (2002), Krieger et al. used a street reference system (known as Topologically 
Integrated Geographic Encoding and Referencing (TIGER) dataset) for their address geocoding 
process. Street reference systems generally produce higher geocoding success rates compared to 
cadastral parcel reference systems. For instance, the Krieger et al. study produced more than 




codes. However, one potential weakness of the method is that street geocoding results may be 
distant from the actual location of houses since the method uses a linear interpolation on street 
segments in the reference file. The authors found that the choice of measure and the level of 
geography matter. Census tract and census block group socioeconomic measures detected 
stronger socioeconomic gradients than the zip code units. The results indicate that BLLs are 
strongly associated with poverty but not education level, occupation, and wealth. A similar 
sensitivity analysis was conducted by Kaplowitz et al. in 2010. Kaplowitz et al. assessed 
predictive validity of different geographic units for their risk assessment. According to their 
study, census block groups explain more variance in BLL than high and low risk ZIP codes. 
Their study confirmed that children’s BLL is more closely associated with characteristics of their 
immediate environment than with characteristics of a larger area such as a census tract or ZIP 
code. 
 Haley and Talbot (2004) presented a spatial analysis of BLLs in New York for the 
children born between 1994 and 1997. The study used the highest test result when there are 
multiple screens for a child. The authors obtained the birth records from the New York State 
Department of Health Bureau of Vital Statistics for the years between 1994 and 1997. Since the 
BLL records contain ZIP codes for the children, the authors used ZIP codes as the geographic 
units for spatial analysis. Apart from the other studies mentioned in this section, address 
geocoding was employed at ZIP level. Based on previous studies in the literature, Haley and 
Talbot selected the following socioeconomic variables: the percentage of houses built before 
1940 and 1950, the percentage of adults ≥25 years of age who did not receive a high school 
diploma, the percentage of children living below the poverty level, the percentage of vacant 




population screened in summer (July–September), population density, and the percentage of 
African American births. The authors also used GIS to distribute the socio-economic data 
proportionally to the ZIP codes and to find the centroid locations of census blocks. In order to 
deal with missing data in the lead database, the authors used the mother’s race from birth 
certificates and estimated the proportion of African American children for each ZIP code area. 
Unlike Sargent et al. (1997), this study used a different methodology to deal with the small area 
problem. Using GIS, the authors merged the ZIP code areas when they have less than 100 
screened children. Percentage of children with EBLLs in each ZIP code was defined as the 
dependent variable in the statistical analysis. The authors ran a multiple linear regression analysis 
to identify the relationship between the BLLs and the explanatory variables. They also analyzed 
the residuals’ spatial autocorrelation in the model using SpaceStat software (version 
1.91; TerraSeer, Inc., Ann Arbor, MI) and developed a simultaneous autoregressive model 
(SAR). Their regression analysis indicates that the age of housing, education level, and 
percentage of African American population variables are significant predictors of BLLs. 
 Griffith et al. (2007) conducted an address geocoding study in 2007. The authors used 
BLLs data of children in Syracuse, NY between 1992 and 1996. The study compares two 
different address geocoding methods to find the impact of positional accuracy on spatial 
regression analysis of children’s BLLs. These geocoding methods are based on street or polygon 
reference systems. Haley and Talbot (2004) used ZIP code boundaries as the polygon reference 
system. Griffith et al. (2007), on the other hand, used cadastral parcels as the reference files. 
Geocoding success rate is generally much higher in geocoding process with street reference files 
than ones with cadastral parcel reference files. However, cadastral parcel reference files provide 




cadastral and TIGER based geocoded addresses in three sections including, census tract, census 
block group, and census blocks of 1990 and 2000 census demographics. The study shows that 
there is a noticeable but not considerably high positional error difference in their spatial 
statistical analyses using the two methods. The regression analysis in the study was employed in 
two different BLL thresholds, 5 and 10µg/dL. Regardless of the threshold level, the results 
indicate that EBLLs are significantly associated with the percentage of the African American 
population and average house value in the census block and census block group analyses. 
 Using descriptive discriminant and odds ratio analyses, Oyana et al. (Oyana and Margai 
2007, 2010) created a profile of high-risk areas based on housing age, the socioeconomic status, 
and ethnicity of the population in Chicago. The purpose of the study is to identify the health 
disparity among children who have different racial make-up. The study also assesses the 
spatiotemporal dynamics of the disease and identifies the socio-economic and racial composition 
of high-risk communities in Chicago. In addition, two different types of blood test methods 
(capillary and venous) were compared to one another for the BLL over 10µg/dL. Oyana et al. 
uses a GIS scripting tool to deduplicate pediatric blood data. This study also differs from others 
by producing a Kriging map for the area. The Kriging map of Chicago shows that Westside area 
has the highest risk of EBLLs in the city. The authors also used TerraSeer’s Space-Time 
Intelligence Systems (STIS) to explore the kriged prevalence rates in order to analyze spatial 
patterns (Jacquez 2010). Moran’s I (Moran 1950) and LISA statistics (Anselin 1995) were used 
with spatial autocorrelation to show the spatial patterns and health disparities in childhood lead 
toxicity in Chicago. The variations in raw prevalence rates for BLLs were high. However, 
Kriging reduced the variations dramatically. The authors concluded that the dependent variable 




Environmental Risk Factors 
 This section discusses eight studies that address environmental risk factors (Gonzalez et 
al. 2002; Griffith et al. 1998; Guthe et al. 1992; Mielke et al. 1997, 2011a, 2013, Miranda et al. 
2007, 2011). Guthe et al. (1992) conducted one of the earliest GIS studies on childhood lead 
poisoning in 1992. The authors studied New Jersey municipalities of Newark, East Orange, and 
Irvington. The study mapped blood screening records overlaid with census tracts in the 
municipalities. Children blood samples were from the years 1983 to 1990. Unlike all the relevant 
studies reviewed in this article, the study used a 15µg/dL threshold level, which was the BLL 
threshold level at the time. This study used street level address geocoding. Guthe et al. used 
command line address matching software, which is one of the oldest address geocoding engines. 
In terms of environmental factors, Mielke et al. (1997) studied the associations between 
childhood BLLs and soil lead in Louisiana. The study used three data sets: soil lead data, age of 
housing data, and children blood lead data for urban New Orleans and rural Lafourche Parish in 
Louisiana. The study focused on soil contamination and leaded paint sources of lead toxicity 
problems. The percentage of housing built before 1940 was considered an indicator of leaded 
paint. Using x and y coordinates of census tract centroids, the authors plotted the three data sets 
within a three dimensional spatial model. The study showed that there is a relationship between 
low BLLs and new housing neighborhoods, and old housing neighborhoods were split evenly 
between old and new housing. There is also an association between high soil lead areas and 
neighborhoods where children with EBLLs reside. The study suggests that inner-city children 
should be the focus area to eliminate lead toxicity problems in the population. 
 Griffith et al. (1998) employed several GIS tools that include geocoding, buffer analysis, 




NY. This study shows the geographic distribution of lead toxicity in Syracuse, NY in three 
aggregated levels: census block, census block group, and census tract. Linear regression with 
spatial autocorrelation is used as a statistical method for the three aggregated levels. The study 
shows that there is a major difference between urban and rural exposure, which is consistent with 
the results from Laidlaw and Filippelli (2008), and Mielke et al. (Mielke et al. 2010, 2011b). It 
however finds no statistically significant relationship between historically heavily traveled streets 
and lead exposure. Lead poisoning is detectable regardless of the level of geographic resolution. 
Griffith et al. also showed that BLLs are correlated with percentage of children at risk, 
population density, mean housing value, and percentage of the African American population. 
 Gonzalez et al. (2002) investigated the possible impact of point sources of lead exposure 
relative to other types of lead exposure sources. The study was conducted in Tijuana, Mexico 
with Hispanic children aged between 1.5 and 6.9 years. In order to deal with the confounding 
variable of cultural habits, the study used BLLs where the subjects reported that they did not use 
lead-glazed ceramics for cooking or food storage purposes. The study was composed of 76 
samples from 14 sites. Gonzalez et al. mapped the distribution of these 76 point sources as well 
as five point sources containing 19 soil samples with the values ranging from 100 to 7870µg/g 
soil lead. They compared the children BLLs with Bocco and Sánchez (1997) study’s prediction 
model which was based on fixed industrial lead point sources. Similar to the Bocco and Sánchez 
study, the authors assigned Tijuana census tracts the labels of “high”, “medium”, “low”, and 
“N/A” risk levels based on proximity to the lead point sources. The authors also mapped these 
risk levels of census tracts and children cases with elevated blood lead levels (≥10µg/dL) where 




In 2007, Miranda et al. explored the potential effect of the use of chloramines in water 
treatment systems over childhood lead exposure in Wayne County, North Carolina. The authors 
examined the relationship between these potential effects and the age of housing in order to help 
guide policy practices in North Carolina. The authors used the datasets of children BLLs, tax 
parcels, census data, and water treatment system boundaries. Children BLLs were geocoded 
based on tax parcels with a 72.4% geocoding success rate from the surveillance data between 
1999 and 2003. The study used multivariate regression to analyze the data and concluded that the 
use of chloramines in the water treatment systems might inadvertently increase lead exposure 
among children. 
Another environmental study by Miranda et al. conducted in 2011 to investigate the 
relationship between leaded aviation gasoline (avgas) exposure and children BLLs. The authors 
selected 66 airports in 6 counties of North Carolina based on the availability of tax assessor data, 
the volume of air traffic, and the number of screened children for lead toxicity. The study used 
the airports’ estimated annual lead emissions which were obtained from the U.S. EPA Office of 
Transportation and Air Quality. The children BLL data composed of the blood tests conducted 
between 1995 and 2003 for the children between the ages of 9 months and 7 years. The authors 
determined the airport boundaries using tax parcel data. The authors created buffer zones 
surrounding each airport selected in the study. The buffers were created based on the distances of 
500 m, 1000 m, 1500 m, and 2000 m from the polygon edges of the airports. Unlike most of the 
studies discussed in this review article, Miranda et al. (2011) used GIS to show children 
locations in a jittered representation even though they run the statistical model based on actual 
point locations. Using the geocoded locations, Miranda et al. (2011) was able to join children 




dummy variables to children locations based on the boundaries mentioned above and seasons for 
the screening time. The model includes the age of housing, screening season, and demographic 
variables. The authors also used inverse population weights to eliminate the possible bias caused 
by high numbers of screening cases on parcels. The study found a significant positive association 
between logged BLLs and the distances to the airport locations. It further shows that seasonality 
is an important factor in estimating BLLs. In fall, spring, and summer seasons, children were 
found having higher BLLs on average compared to winter season screenings. Age of housing 
was negatively associated with BLLs while the median household income and minority 
neighborhoods had positive associations with BLLs. 
Mielke et al. (Mielke et al. 2011a) conducted a comparative analysis of lead poisoning 
problems by assessing the pre-Katrina blood and soil lead concentrations around public and 
private properties in New Orleans. Soil lead data was composed of 587 soil samples (224 
samples from public properties, and 363 samples from residential private properties) and 55,551 
BLL screening records for the years between 2000 and 2005. The study shows significant 
differences among the blood lead prevalence between the inner city (CJ Peete) and outlying areas 
(Florida) of New Orleans. The study also found no statistically significant other differences 
between inner and outer cities. The authors found that, among the screens in public properties, 
differences between inner and outer cities in lead toxicity prevalence are a better proxy than age 
of construction. The study noted that lead additives in gasoline had more impact on childhood 
lead exposure than the dust from leaded paint. In terms of lead dust from vehicles, the largest 
amount of lead was deposited on soil in the inner-cities whereas outer-cities were not 




Consequently, the study indicated that lead toxicity originated from soil contamination could 
help explain lead toxicity in children. 
In 2013, Mielke et al. analyzed the association between children blood lead levels and 
soil lead concentrations in relation to before and after hurricane Katrina in New Orleans. In the 
study, pre-Katrina was from 2000 to 2005 and post-Katrina was from 2006 to 2008. Children’s 
blood samples (55,551 records in pre-Katrina and 7384 records in post-Katrina period) were 
geocoded at the 1990 census tract level. Soil lead data was composed of 5467 soil samples. Soil 
samples were categorized by their 1 m proximity to “busy streets”, “residential streets”, “house 
sides”, and “open spaces”. Census tract medians of soil lead concentration data were used to 
produce Kriging maps of soil lead concentration for both pre- and post-Katrina periods. Census 
tracts were also categorized as low and high in lead concentration groups based on 100 mg/kg 
threshold (≥100 mg/kg and <100 mg/kg). Non-parametric statistics were used because of 
positive skewness in the soil lead data. Multi-purpose permutation procedure showed that there 
was a significant difference between low and high lead tracts. This confirms the significance of 
100 mg/kg as a threshold for lead concentration in soil for New Orleans. Census tract soil lead 
concentration medians showed that busy streets had the highest median by location. This could 
be related to historical lead deposits from car exhausts. Kriging maps showed that there was no 
major change in the lead concentration level in soil for pre- and post-Katrina periods. Unlike 
Griffith et al. (1998), this study suggests that there is a statistically significant relationship 
between BLLs and soil lead level-proximity to old city cores. 
Genetic Variation 
 One of the reviewed studies focused on the genetic variation of childhood lead poisoning 




between childhood lead poisoning and African American populations, the authors focused on 
genetic variation of the problem. The study used previously developed data of children BLLs by 
Miranda et al. (2002), which geocoded children cases at the tax parcel level in order to get the 
construction year of house units from tax assessor data. The study also considers the occupancy 
status, which was also gathered from tax parcels. The authors note that the spatial autocorrelation 
problems were minimized by assigning individual year of construction from tax parcels. The 
ANOVA comparison of models with and without spatial autocorrelation also corroborated the 
non-existence of spatial autocorrelation. Since some of the information pertaining to construction 
years is missing in the tax parcel dataset, some cases lacked this information. In those cases, the 
study assigned the construction year from the nearby parcels. Some studies in the literature 
indicate that the relationship between high BLLs and African American populations might be 
because of low calcium intake in the population. According to this study, however, the 
relationship between high BLLs and African American populations might be more related to 
genetic polymorphisms.  
 Political Ecology  
Hanchette’s study (Hanchette 2008) focused on the political ecology aspect of childhood 
lead toxicity. The author used Moran’s I (Moran 1950) and LISA statistics (Anselin 1995) to 
investigate the spatial distribution of lead poisoning prevalence at the county level in North 
Carolina. They used 10-year-old children BLL data from 1995 to 2004. In the study, the data 
findings show that there is a significant cluster of high BLL rates in eastern North Carolina. The 
author indicated that these clusters of high rates show persistent health disparities in the region. 
Hanchette claims that the health disparities in eastern North Carolina results from large scale 




and old housing. The study found that the Appalachia (western North Carolina) region displayed 
low rates of lead poisoning even though the region had high poverty rates. Another major finding 
is that high rates of lead poisoning clusters correspond with African American populations only 
in eastern North Carolina. Unlike this region, southern North Carolina does not have high rates 
of lead poisoning despite high concentration of African American populations. The author 
suggests that the convergence of poverty, older housing, and the large rural African American 
population can be explained by the long history of tenant farming. According to Hanchette, this 
transition from an agricultural state to a mixed economy led to changes in socio-economic 
characteristics of the eastern region of North Carolina. 
Conclusions 
This article reviewed 23 GIS-based studies examining spatial modeling of childhood lead 
poisoning and risk factors that were published after 1991, the year the CDC’s threshold updated 
to 10µg/dL. GIS use in lead studies revealed greater detail about the magnitude of lead poisoning 
within populations. Reviewed articles indicate that surveillance and screening practices have 
extended considerable amount of importance in targeting “at-risk” populations. However, the 
literature shows that some health departments failed to account for “at-risk” populations 
(Reissman et al. 2001; Roberts et al. 2003; Vaidyanathan et al. 2009). This issue can be resolved 
through the implementation of GIS in health departments. 
Risk factors for childhood lead poisoning (age of housing, urban/rural status, 
race/ethnicity, socioeconomic status, population density, renter/owner occupancy, housing value, 
and nutritional status) have been thoroughly parsed out in childhood lead poisoning research. 
Unfortunately, address geocoding methods, the parameters used, and the uncertainties they 




studies did not provide the input parameters such as the reference system and the match rate. 
Since these parameters have a direct impact on results of the spatial analyses, this makes it 
difficult to conduct legitimate comparisons among the various articles.  
Even though to date no safe blood lead thresholds for the adverse effects of lead on 
children have been identified (Brown and Margolis 2012), data related to children with very low 
BLLs has consistently been overlooked. Address information of children with BLLs ranging 
from 0–3µg/dL may not be reported since screening efforts have primarily focused on children 
with high BLLs (Betsy Shockley 2013). This non-random missing data can cause 
misinterpretation of the spatial distribution of lead poisoning. In order to improve the quality of 
geocoding, the addresses need to be confirmed in the data collection phase of a GIS 
environment. Such GIS-integrated screening could eliminate spatial bias due to disparities in 
reporting. Future studies are needed to fill this gap and attempt to improve the use of address 
geocoding in BLL data collection. 
Future lead poisoning studies should also be concerned with data aggregation and the 
choice of geographical analysis. Data aggregation is done for two reasons: to link socio-
economic and environmental measures to lead data and to ensure data confidentiality. In the 
former case, geocoded addresses may fall far away from their actual locations resulting in 
boundary problems during data aggregation to census block groups, census tracts, or ZIP code 
areas. Very few studies examined these aggregation problems and spatial scale effects to monitor 
risk factors (Griffith et al. 2007). Studies show that finer geographic units such as census block 
group levels explain lead poisoning problems better, and hence some high levels of data 
aggregation (such as ZIP codes or census tracts) may not explain the distribution in the 




subject to possible errors as a result of change in census boundaries over time. In the latter case, 
very few studies examined the use of GIS and developed techniques to preserve confidentiality 
during the process of dissemination of screened children data and the resultant high risk areas 
(Miranda et al. 2011). 
Environmental studies on lead paint usage before 1978 have shown a link between house 
age and elevated BLLs. Soil studies can also reveal sources of lead toxicity. Several studies have 
shown that the distribution of lead toxicity among young children can be explained by proximity 
to high volume traffic areas. The relationship of vehicular lead deposits and children with 
elevated BLLs is contentious. Griffith et al. (1998) found no relationship between childhood lead 
toxicity and their proximity to heavily traveled roads. Contrary to Griffith’s findings, Mielke et 
al. (Mielke et al. 1997, 2011a, 2013) found that childhood lead poisoning was related to residing 
in inner-city areas where the traffic flow was historically larger. Miranda et al. (2011) also found a 
correlation between the proximity of airports and BLLs among children. None of the reviewed 
studies accounted for housing abatement efforts in their models. Future studies focusing on 
environmental lead sources need to factor in abatement efforts that may have taken place. By 
factoring in housing abatement efforts researchers can eliminate erroneous data and 
misinterpretations.  
The environmental studies in this review also indicate a correlation between BLLs and 
African American populations. However, very few studies investigated the individual 
characteristics of children (Miranda and Dolinoy 2005). The history of socioeconomic and 
cultural processes could also be important factors to identify risk areas (Hanchette 2008). More 




this paper show the development of an increasing awareness of the intricacies of lead poisoning 






Mapping Hot Spots and Spatial Trends in Children BLLs of Shelby County, TN 
Abstract 
BACKGROUND: Even though there is a decline in BLLs in the US, eliminating elevated blood 
lead levels (EBLLs) among children is one of the most important public health issues. The 
increased awareness in childhood lead poisoning raised the number of screenings by health 
departments nationwide. As a result, the number of children with multiple BLL tests has gone up 
dramatically over the last three decades. There are two common BLL deduplication methods 
described in literature: One selects the first BLL test result and the other selects the highest BLL 
test result.  
OBJECTIVES: The purpose of this study is to find at-risk areas of childhood lead poisoning 
comparing the two common deduplication methods. 
METHODS: Kappa statistic was used to investigate the effect of residential mobility on Shelby 
County BLLs. Global and local spatial autocorrelations, Moran’s I and Getis and Ord’s Gi, were 
used to test the existence of global spatial autocorrelation as well as to find local pockets of high 
BLLs, and their trends within Shelby County, TN. BLLs were grouped into four time periods 
during the 20 years, between 1994 and 2013.   
RESULTS: Kappa agreement results indicated that residential mobility had an approximate 
effect of 10% agreement change for multiple-screened children and 5% agreement change for 
all-screened children throughout the study period. Spatial autocorrelation statistics indicate that 
there is a strong global spatial autocorrelation within the BLL dataset. Local statistics showed 
that local clusters of high BLLs are concentrated in the western part of the county in the first 




socio-economic factors that overlaid with hot spots show a correlation with the hot spots and 
areas with the lowest average construction year, the highest percent of poverty among children, 
the lowest average median income, the lowest percent of education attainment, and the highest 
percent of African American children. More than 50% of the abatement efforts fall within 2-3% 
of Shelby County area that corresponds to BLL hot spots areas. 
CONCLUSIONS: The study showed that the impact of residential mobility should be addressed 
in childhood lead poisoning studies. Getis and Ord’s Gi statistics could be useful to address hot 
spot locations of high BLLs. Even though GIS has been implemented into address geocoding 
within the database systems, the study showed that it should also be implemented into the data 
collection phase of childhood lead poisoning prevention efforts to obtain accurate BLLs with 
location information. 






The capacity to achieve the U.S. national goal of eliminating EBLLs among young children is 
directly related to the ability to target strategies to geographic areas (Yasnoff and Sondik 1999). 
GIS analysis has been used to map children’s blood lead levels and risk factors for lead 
poisoning to support the public health intervention strategies. If lead data collection procedures 
are not explicitly described, surveillance databases can be spatially biased in representing the 
geographical distribution of lead poisoning and furthermore, cause erroneous results on any 
associations between risk factors and childhood lead collection exposure. This chapter focuses 
on how data collection procedures affect the spatial analysis results and ultimately intervention 
over time. 
In the United States, each state maintains its own child-specific blood-lead databases. In 
these databases, there are frequently multiple records for each child due to repeated testing over 
time. In order to reduce the data set to one record per child for reporting purposes, a 
“deduplication process” must occur.  To limit the dataset to one record per child, the blood-lead 
level (BLL) value for each child is often represented by either the first, highest, or mean BLL.  
Studies have examined surveillance practices and environmental factors in childhood lead 
poisoning (Gonzalez et al. 2002; Griffith et al. 1998, 2007; Guthe et al. 1992; Haley and Talbot 
2004; Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 2008; Krieger et al. 2003; Lutz et al. 
1998; Mielke et al. 1997, 2011a, 2013, Miranda et al. 2002, 2007, 2011, Oyana and Margai 
2007, 2010; Reissman et al. 2001; Roberts et al. 2003; Sargent et al. 1997; Vaidyanathan et al. 
2009) but rigor has not been applied to deduplication methodological concerns. 
The number of children with EBLLs is affected by deduplication methods that ensure 




deduplication methods has a clear advantage of determining direct effect on intervention over 
time and can shed new light on the following questions: 1) How does residential mobility (RM) 
affect the percent of agreement in the deduplication process? 2) Is there an overall clustering 
(global spatial autocorrelation) of the similar blood lead levels in Shelby County, TN? 3) How 
does the deduplication method affect the identification of at-risk areas (hot spot clusters) over 
time? Or 4) is there a direct effect of intervention (screening practices, environmental 
intervention and abatement policies) on the characteristics (location, area size, demographics, 
etc.) of at-risk areas (hot spot clusters) between 1994 and 2013?  
This study attempts to answer these questions while assessing the sensitivity of spatial 
analysis results based on two common deduplication methods: selection of first and highest 
BLLs for multiple tested children. The trend in childhood lead poisoning was examined to attain 
a better understanding of changes over time in at-risk areas. BLLs of Shelby County children 
were used to investigate statistically significant clusters of high BLLs within four time periods 
from 1994 to 2013. The results could help evaluate the impact of screening and intervention 
efforts in Shelby County as well as validating, and visualizing the spatial uncertainties in 
epidemiologic studies particularly for childhood lead poisoning. 
Surveillance data collection procedures 
The terms “surveillance” and “screening” are being used interchangeably in the 
childhood lead poisoning literature. However, the term “screening” also has a specific definition. 
According to the CDC, the term “screening test” means a BLL test of a child whose age is below 
72 months who previously did not have a confirmed elevated BLL. A child can be screened 
multiple times in a year, but for reporting purposes would only be counted once. According to 




“Any blood lead draw (capillary, venous or unknown sample type) on a child that produces a 
quantifiable result and is analyzed by a Clinical Laboratory Improvement Amendments (CLIA)-
certified facility or an approved portable device. A blood lead test may be collected for screening, 
confirmation, or follow-up.” (CDC 2016) 
If the screening result is elevated, then a confirmatory test should be acquired. For example, 
children should receive a confirmatory follow up test within one to three months when their first 
BLL test results are between 5 and 9µg/dL. Appendix B shows the time frames for necessary 
“confirmatory” and “follow up” tests in Tennessee.  
BLLs are often collected as part of childhood lead poisoning surveillance programs. Data 
collection procedures for childhood BLLs have been established by the CDC (CDC 1997). 
Children are usually screened by the capillary screening method first, and then a confirmatory 
venous test is obtained if the first screening result is elevated. Any BLL test result with 5µg/dL 
or above is considered elevated based on the current threshold (5µg/dL). Prior to 2012 the 
threshold was 10µg/dL. Sample collection guidelines should be strictly followed by the 
physicians/personnel since capillary draw method is more prone to potential lead contamination 
(CDC 2004a). Even though capillary draw is considered as an adequate alternative to venous 
sampling (Parsons et al. 1997; Schlenker et al. 1994) some studies (Haley and Talbot 2004; 
Oyana and Margai 2007, 2010) selected venous samples over capillary draws at the 
deduplication process due to possible contamination. Screening is not mandatory; hence there 
might be children who were not identified even though they have an elevated blood lead level 
(EBLL). This could be because of relocation or parental negligence. On the other hand, 
screening may be compulsory for those who have government health care or are on statewide 
program such as TennCare. Therefore, some children may get tested periodically even though 




The increased awareness in childhood lead poisoning produced a rapid increase in 
screening efforts by health departments. Hence, the number of children with multiple tests 
increased dramatically in the last three decades. In the literature, some studies (Mielke et al. 
2011a; Sargent et al. 1997) selected first BLL test result where others (Haley and Talbot 2004; 
Kim et al. 2008; Miranda et al. 2002, 2007, 2011) selected the highest BLL test result for 
multiple screened children in order to capture the potential exposure status of the children’s 
environment (Miranda et al. 2002). Apart from these two approaches, Oyana and Margai (2007, 
2010) used the average of BLL test results for those children with multiple BLL tests. To the best 
of our knowledge, there is no study that explicitly addresses the deduplication process and its 
effect on identification of at-risk areas even though these studies employ a deduplication process 
in their study design. My study fills this gap and compares the at-risk areas in Shelby County by 
the two deduplication methods.  
Referring to the deduplication process, the terms “first-BLL” and “highest-BLL” will be 
used to address the selection of first and highest BLL test results of children with multiple BLLs. 
Referring to the children who were tested for lead poisoning and have either only one or multiple 
BLLs in the database, the term “screened” will be used in forms such as “single-screened” for 
children who only have one BLL, and “multiple-screened” for children who have multiple BLLs 
in the childhood lead poisoning surveillance dataset. The term “all-screened” will refer to all 
children who were screened either single or multiple times.  
Data and Preparation 
The study area comprises all of Shelby County, Tennessee and the study period is from 1994 
through 2013. Currently in the state of Tennessee, the blood samples have been collected by a 




Lead Poisoning Prevention Program, hospitals, public health clinics, federally-qualified health 
centers (FQHCs), not-for-profit and private primary care clinics, and other organizations) and 
data are forwarded to a statewide database called LeadTRK. Figure 1 shows the data collection 
process and reporting. SCHD downloads BLLs from LeadTRK which is a statewide lead 
poisoning database system maintained by the Tennessee Department of Health (TDH). At the 
time of testing, the primary residence of each child tested is documented.  LeadTRK designates 
coordinates for the residents of each child to facilitate monitoring and permit regional prevalence 
estimates. Access to blood lead data was granted through an internship and confidentiality 
agreement with the Shelby County Health Department and IRB approval by the University of 









Figure 1. BLL data collection process. 
 
 The initial dataset includes 298,502 records, covering the period between 1994 and 2013 
inclusively. The study focuses on children whose ages are between 0 and 72 months at the time 
of screening. Hence, BLL tests outside of that age range were excluded from the study. BLL 
tests were removed if their locations were not geocoded or their geocoded locations fell outside 















































N = 298,502 
Excluded:  
Children outside of zero to 72 month range: N=18,516- 
µBLL=3.55 SD=5.15 
No Latitude-Longitude assigned: N=21,766 -µBLL=3.14 
SD=2.42 
No lat long information assigned mostly records without a 
street addresses. 
Records fall outside of Shelby County: N=1,166 -µBLL=2.54 
SD=2.16 
Misgeocoded records: N=9,770 -µ BLL=2.45 SD=2.66 
PO Box addresses 
Commercial addresses 
Misgeocoded records due to missing address components. 
Final BLL 
dataset 
N = 247,284 
of Shelby County boundary. The BLL tests were already geocoded in the LeadTRK system. 
However, some records were not geocoded correctly due to misreported addresses. Therefore, 
they were removed. Figure 2 shows the data exclusion criteria. After data exclusion, the final 
dataset included 155,920 children, of which 53,887 children had multiple tests. Children with 
multiple tests make up 35% of total children who obtained their BLL tests between 1994 and 








Figure 2. Data exclusion criteria. 
The final dataset was divided into 4 time periods:  1994-1998; 1999-2003; 2004-2008; 
2009-2013. Study Design Flow chart explains the data preparation process and spatial analytical 
methods applied (Figure 3). Arc GIS (ESRI, Inc.) software and Python Scripting language were 
used to track address changes, sort, and deduplicate BLL tests by the 4 time periods. Children 
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In this study, the term deduplication refers to the process of selecting only one observation for 
each child who has multiple BLL tests. It is assumed that the number of children with elevated 
blood lead levels is affected by the deduplication method that ensures only one test per 
individual child. The first research question, “how does residential mobility (RM) affect the 
percent of agreement in the deduplication process?” was about the effect of deduplication on the 
elevated BLL counts. Cohen’s Kappa statistic (Cohen 1960) was used to answer this question 
comparing the number of elevated children by the deduplication methods (first-BLL and highest-
BLL). A local version of Getis and Ord’s Gi (1992) statistic was also used to map the RM effect 
for those BLLs with a status change between their first-BLL and highest-BLL deduplication 
methods. Since both global and local versions of Getis and Ord’s Gi were used throughout this 
study, the global version will be denoted as “General Gi” and the local version will be denoted 
as “Local Gi
*
”. The symbol “
*
” in the local version indicates the observation “i” is also included 
to its own Gi calculation. 
Global versions of Moran’s I (1950) and General Gi statistics were used to answer the 
second research question, “is there an overall clustering (global spatial autocorrelation) of the 
similar blood lead levels in Shelby County, TN?” These statistics test the existence and the 
attribute (whether high or low values cluster) of the global spatial autocorrelation. The 
deduplication method selected could affect global spatial autocorrelation when RM occurs. In 
cases with no RM, first-BLL and highest-BLL will contribute to the mean value of the same 
neighborhood location, but when mobility does occur, the mean value of the new neighborhood 
might change. This effect can be strongly observed in local spatial autocorrelation and have an 






 could identify significant clusters of high BLL values of areas at-risk for 
childhood lead exposure. Therefore, finding these statistically significant local clusters and 
analyzing their trends might be helpful for Health Departments to locate target areas for 
screening or house abatement practices. In order to answer the third research question, “how 
does the deduplication method affect the identification of at –risk areas (hot spot clusters) over 
time?”, Local Gi
*
 was also instrumental in comparing hot spot locations and their movement over 
time because of the deduplication methods used in Shelby County. Finally, the hot spot areas and 
their socio economic and environmental characteristics were compared in order to address the 
last research question, “is there a direct effect of intervention (screening practices, environmental 
intervention and abatement policies) on the characteristics (location, area size, demographics, 
etc.) of at-risk areas (hot spot clusters) between 1994 and 2013?”  
Kappa Statistic 
Kappa (  ) statistic is an interrater reliability test which calculates the inter-observer 
agreement among raters (Fleiss et al. 2003; McHugh 2012; Viera and Garrett 2005). The raters in 
this study are the first-BLL and the highest-BLL deduplication methods. Based on these methods 
a child will be assigned as “elevated” or “non-elevated”. The methods will produce the same 
results if 1) there is a single BLL test for a child, 2) the first-BLL test value is also the highest-
BLL test value, and 3) the first-BLL and the highest-BLL values fall in the same category of 
“elevated” or “non-elevated”. The statistic creates a 2 X 2 matrix by the deduplication methods 
and the categories of “elevated” and “non-elevated”. Table 2 shows the variation between 






Table 2. Agreement between deduplication methods. 
  
Highest BLL  
Test Value  
















Elevated 𝒂 𝑏 𝑛0 
Non-Elev. 𝑐 𝒅 𝑛1 
Total 𝑚0 𝑚1 n 
 
 
The letters 𝑎 and 𝑑 show the number of times the two deduplication methods agree 
whereas 𝑏 and 𝑐 show the disagreement among the methods. In our study 𝑏 will always be 0 by 
definition because a child’s highest-BLL cannot be “non-elevated” if the first-BLL was already 




      (1) 
𝑝0 is the observed agreement between the methods which is (𝑎 + 𝑑)/𝑛 whereas 𝑝𝑒 is the 
expected agreement by chance, which is; 
𝑝𝑒 = [(𝑚0 ∗ 𝑛0) + (𝑚1 ∗ 𝑛1)]/𝑛
2    (2) 
  agreement statistic takes values from -1 to +1, where  = +1  indicates a perfect 
agreement in which the sum of 𝑎 and 𝑑 equals to the total number of BLLs (𝑛). Similarly, 
 = −1  indicates a perfect reversed agreement. Table 3 presents the interpretation of   results 
by Landis and Koch (1977).  
Since 𝑏 is always “0” in this study, there is only one side of disagreement in which the 
first-BLL test is “non-elevated” and the highest-BLL test is “elevated”. This means that 𝑐 in 
Table 2 will be the major factor in   agreement results in terms of disagreement. A decline in 




raters in this case could be attributed to the precision of the sampling method (capillary vs. 
venous), a false test result (previous false negative or current false positive) and /or change in the 
child’s environment that result in a BLL increase. 
Table 3. Interpretation of Kappa agreement result. 
Value of Kappa Level of Agreement 
0.81 – 1.00 Excellent 
0.61 – 0.80 Substantial 
0.41 – 0.60 Moderate 
0.21 – 0.40 Fair 
0.00 – 0.20 Slight 
< 0.00 Poor 
 
Spatial Autocorrelation and Hot Spot Analysis  
 Waldo Tobler coined the first law of geography in 1970 as “Everything is related to 
everything else, but near things are more related than distant things” (Tobler 1970). In terms of 
childhood lead poisoning, screening efforts may be focused on the same areas, or children closer 
to each other might get similar test results just because they share the same neighborhood. These 
spatial dependencies may cause bias if spatial autocorrelation is not addressed. Assessments of 
data dependencies are generally tested for spatial autocorrelation (Ord and Getis 1995). Global 
and local versions of spatial autocorrelation are widely used in the literature (Getis 2008) 
especially in the recent studies (Bhunia et al. 2013; Chaikaew et al. 2009; Ge et al. 2016; Griffin 
et al. 1996; Westerholt et al. 2015). The global versions address overall spatial dependencies 
(global spatial autocorrelation) among observations throughout the study area, whereas local 
versions are used to identify local clusters (hot/cold spots).  
 Moran’s I is the most widely used statistics to address spatial autocorrelation (Getis 




The null hypothesis is a complete spatial randomness. This happens when Moran’s I equals to 
zero. An index between 0 and +1 indicates a positive global spatial autocorrelation in which the 
spatial distribution of similar values is clustered. An index between 0 and -1 indicates a negative 
global spatial autocorrelation in which the spatial distribution of similar values is dispersed. 
Global Moran’s I is defined as: 
𝐼 =








    (3) 
N is the number of observations, ?̅? is the mean, 𝑤𝑖,𝑗 is the spatial weight between j and i, and W 
is the aggregate of all spatial weights. Besides Global Moran’s I, General Gi is also employed to 
reveal whether the cluster of high values or low values define the global spatial autocorrelation. 












 , 𝑗 ≠ 𝑖    (4) 
In this case, i is not included within the sum of its j neighborhood. This version focuses on 
whether an observation is surrounded by high or low values compared to the study mean. 𝑤𝑖,𝑗 is 
the spatial weight between j and i, where j is not equal to i.  
The Local Gi
*
 is used in hot spot analysis in order to address research questions one, three 
and four. Unlike its global version, the subject BLL is also considered in the calculation where j 
may also equal i in the equation (5). The standardized Local Gi
*
 provided by Ord and Getis in 








, 𝑎𝑙𝑙 𝑗    (5) 
In equation (5), 𝑤𝑖𝑗 is the spatial weight matrix. In this matrix, a value of 1 is assigned to all 




values outside of the defined neighborhood distance. 𝑊𝑖
∗ is the sum of weights with the inclusion 
of 𝑤𝑖𝑖, ?̅?
∗ is the mean of all values within j neighborhoods, s represents the standard deviation of 
all values, and 𝑆1𝑖
∗  is sum of the squared weights for all observations within the j neighborhood. 
Gi scores are standardized normal z-scores, hence no further calculations needed (Mitchell 
2005). 
Gi statistics compare the defined neighborhood mean with the overall study mean. There 
should be at least one neighboring value to calculate the Gi scores for the observations. However, 
eight neighboring values are recommended to employ statistics without serious inferential errors 
(Griffin et al. 1996; Ord and Getis 1995). This threshold could be set to a higher number (like 
30) in large datasets but there is no set rule for that matter (Caldas de Castro and Singer 2006; 
Getis and Ord 1996). Asymptotic normality is the assumption for the null hypothesis therefore 
the underlying distribution should not be extremely skewed in order to obtain valid inferential 
statistical results (Zhang 2008). In their study in 1995, Ord and Getis showed that the underlying 
distribution approaches to normality as the neighborhood distance increase (Ord and Getis 1995).  
Global or local spatial statistics can be employed over regular or irregular polygon files 
(fishnet polygons, ZIP code areas, and census tracts etc.) after aggregation of the BLLs. These 
statistics can also be employed over the point dataset of BLLs without any aggregation. The 
latter method was selected to ensure asymptotic normality in Gi statistics since it is less likely to 
observe an extremely skewed distribution for a neighborhood that has a high number of BLL 
tests. Selection of the neighborhood distance is also important. Number of BLLs within the 
buffer area of a child will be very few if the distance is too small. On the other hand, a very long 
distance can also be problematic since it may result in BLLs having too many observations 




inferential errors (Griffin et al. 1996). Selection of the distance is also related to the objective. A 
city block which is 400 to 500 meters could be useful to address hot crime areas in cities 
(Markus and Hartmut 2009). This distance could also be used in childhood lead poisoning 
studies to see if the dwellings next to a child’s location have an effect on the child’s BLL.  
The geoprocessing tool in ArcGIS was used to create 1000 m buffer zones for each case 
(screened child). BLL counts were calculated per buffer using spatial join functionality of 
ArcGIS. It was found that some buffers had very few neighboring cases after the spatial join. The 
cases (less than 0.05%) with a very low number of neighbors were removed from the datasets to 
account for asymptotic normality assumption. The effect of multiple testing and spatial 
dependencies on local spatial statistics is also needed to be addressed (Anselin 1995; Caldas de 
Castro and Singer 2006; Tukey 1991). Multiple testing refers to incorrect rejection of the null 
hypotheses due to testing multiple hypotheses simultaneously. This occurs when Local Gi
*
 
statistic calculates a Gi score for each BLL. In a case where a 90% confidence interval is 
selected, there will be 10% random chance that a null hypothesis will be incorrectly rejected. 
Considering approximately 50,000 BLLs were used in this study, 5,000 BLLs could be 
incorrectly defined as hot spot locations.  
The control for multiple testing can be assessed by a correction like Bonferroni. 
However, this method is found to be too conservative in addressing the issue (Anselin 1995; 
Caldas de Castro and Singer 2006; Ord and Getis 1995). As an alternative to Bonferroni, False 
Discovery Rate (FDR) can be used to address multiple testing (Frane 2016). In Caldas de Castro 
and Singer’s (2006) study, they tested the differences among spatial clusters by Bonferroni, 
Bonferroni with spatial dependency correction 𝑣, and FDR. They reported that FDR is more 




testing and spatial dependencies were controlled by the FDR. However, hot spots at 99% 
confidence interval were only used to address at-risk areas in order to eliminate possible inflation 
by the high number of multiple testing.   
Results and Discussion 





 Period: 1999-2003, 3
rd
 Period: 2004-2008, and 4
th
 Period: 2009-2013. 
Table 4 summarizes the descriptive statistics of children based on the first-BLL deduplication 
method. However, the statistics were computed from datasets from first-BLL and highest-BLL 
deduplication methods. In the 1
st
 period, targeted screening attempted to focus screening 
resources on at-risk areas with children most in need of assessment.  At-risk communities were 
also subject to door-to-door screening during this period. Targeted screening was implemented in 
the 1
st
 period in sub-regions of Shelby County, based on the prevalence of older housing, high 
risk demographics (poverty, race, exposure to lead sources) and use of a personal-risk 
questionnaire supplementing regional assessments.  
Physicians primarily focused on reporting children with high BLLs when targeted 
screening started in early 1990s in Shelby County, TN (Betsy Shockley 2013). This could be the 
explanation for why fewer numbers of BLLs are stored in the system for the 1
st
 and the 2
nd
 
periods. Within the 2
nd
 period, a universal screening policy was implemented since virtually all 
children are at risk for lead poisoning. The SCHD recommends that all Tennessee TennCare 
children are to be assessed for lead poisoning at 12 and 24 months of age. Other children (not 
enrolled in TennCare) living in low risk areas (i.e., Zip codes) can be assessed using the risk 




A significant increase in the number of tested children was observed within the 2
nd
 
period, likely due in part to the LeadTRK system in which laboratories started submitting their 
BLL test results electronically. Prior to LeadTRK, all BLL tests were being sent to the Shelby 
County Health Department and records were being entered into the Systematic Tracking of Lead 
Levels and Remediation (STELLAR) database management system locally by the Health 
department. Even though the transition into the LeadTRK system resulted in successful reporting 
efforts, the same efficacy was not applied to the missing data issues for the variables “gender”, 
“race”, “ethnicity”, and “sample type”. For example, Table 4 shows the number of tests without 
“gender” is: 93 for the 1
st
 period; 1,634 for the 2
nd
 period; 6,803 for the 3
rd
 period; 8,421 for the 
4
th
 period. A similar trend was observed in the variables “race” and “ethnicity”. Missing 
ethnicity information was observed as high as 99% in the 4
th
 period. “Sample type” is the most 
important information since “venous” samples were considered the gold standard for childhood 
lead poisoning tests. The number of missing “sample type” information was 27 in the 1
st
 period; 
3,777 in the 2
nd
 period; 22,570 in the 3
rd
 period; 26,786 in the 4
th
 period.   
Even though one of the GIS functions (address geocoding) was incorporated into the new 
LeadTRK system, between 1994 and 2013, more than 20,000 BLLs have not been located by 
LeadTRK due to the missing address information. Mis-geocoded addresses are also possible. 
About 10,000 BLLs were also mis-geocoded due to the typos or missing address components. 
Similar to the LeadTRK’s electronic reporting, a GIS tool for address geocoding can be 
incorporated into the childhood lead poisoning surveillance system. Helping physicians or data 
collectors to confirm the children’s addresses at the data collection phase could play a major role 




Table 4. Descriptive statistics by the first-BLL deduplication method. 
 
 













Lead in Blood (µg/dL) 22,915 5.52 (0,95) 28,517 3.64 (0,135) 51,603 2.48 (0,65) 51,254 1.86 (0,56) 
Age  < 6 months 392 3.04 (0,54) 239 3.17 (0,34) 410 2.10 (0,23) 190 1.48 (0,7) 
6 – 24 months 9,425 4.48 (0,95) 13,495 3.55(0,135) 28,662 2.47 (0,65) 32,618 1.83 (0,56) 
25 – 48 months 4,952 6.97(0,70) 7,335 3.97(0,49) 12,650 2.63 (0,32) 11,507 2.02 (0,30) 
 > 48 months 8,146 5.97(0,64) 7,448 3.48(0,56) 9,881 2.33 (0,40) 6,939 1.73 (0,25) 
Gender Male 11,502 5.59 (0,64) 13,436 3.68 (0,65) 22,839 2.49 (0,61) 21,769 1.86 (0,56) 
Female 11,320 5.46 (0,95) 13,447 3.56 (0,135) 21,961 2.40 (0,65) 21,064 1.81 (0,44) 
Missing/Unknown 93 6.06 (0,26) 1,634 3.92 (0,47) 6,803 2.67 (0,32) 8,421 1.96 (0,28) 
Race Black or African 21,432 5,61 (0,95) 17,559 3.64 (0,65) 15,725 2.54 (0,65) 12,292 1.92 (0,45) 
White 790 3.89 (0,32) 1,219 3.15 (0,135) 3,066 2.11 (0,30) 3,286 1.67 (0,56) 
Others* 122 5.18 (0,34) 71 2.96 (0,14) 57 2.63 (0,15) 27 5.57 (0,16) 
Missing/Unknown 571 4.79 (0,27) 9,668 3.70 (0,79) 32,755 2.48 (0,61) 35,649 1.85 (0,44) 
Ethnicity Hispanic 142 3.87 (0,20) 283 2.99 (0,24) 686 2.22 (0,30) 49 5.73 (0,16) 
Non-Hispanic 22,234 5.54 (0,95) 18,349 3.59 (0,65) 11,391 2.66 (0,65) 403 5.62 (0,56) 
Unknown 539 5.40 (0,26) 9,885 3.74 (0,135) 39,526 2.43 (0,61) 50,802 1.82 (0,44) 
Sample 
Type 
Venous 3,140 5.53 (0,49) 6,984 4.20 (0,56) 6,112 2.88 (0,36) 5,090 2.21 (0,45) 
Capillary 19,748 5.53 (0,95) 17,756 3.43 (0,135) 22,921 2.50 (0,65) 19,378 1.93 (0,32) 
Missing/Unknown 27 3.96 (1,9) 3,777 3.57 (0,65) 22,570 2.35 (0,61) 26,786 1.73 (0,56) 
* 
Includes Native Americans, Asian, Hawaiian and Native Alaskan 





Figure 4 illustrates the seasonal distribution of the percentage of EBLL by Deduplication 
method. Shelby County children demonstrate peak blood lead levels in mid-summer months 
(July and August).  December, January, and February are the months where the lowest EBLL 
percentages were observed. This may be related to increased environmental exposures by 
children during the summer times, but it may also be partially related to the increased bone lead 
mobilization during the winter months (Oliveira et al. 2002). 
 
Figure 4. Monthly distribution of the percent of children with EBLLs by deduplication methods. 
The BLL dataset indicates that 53,887 children had multiple BLL tests in Shelby County 
between 1994 and 2013. This number made up 35% of the total children in this period. 
Residential mobility was also investigated. Among the children who had multiple BLL tests, 
35,380 (56%) changed their addresses at least one time throughout the study period. Table 5 
shows a breakdown of address changes. The percentage of 81.3 multiple-screened children 
changed their addresses only once throughout study period. 
To answer the first research question, “how does residential mobility (RM) affect the 
percent of agreement in the deduplication process?”, the status of being “elevated” and “non-




















was employed to investigate the effect of address change over the agreement between first-BLL 
and highest-BLL deduplication results (Table 6). 
Table 5. The distribution for residential mobility. 




% by Total Children with 
Address Change (N=35,380) 
1 28,778 81.3% 
2 5,455 15.4% 
3 967 2.7% 
4 153 0.4% 
5 27 0.1% 
 
Figure 5 shows the distribution of Kappa agreements between the deduplication methods 
in the four time periods in four different variations: “multiple-screened children with residential 
mobility”, “multiple-screened children without residential mobility”, “all-screened children with 
residential mobility”, and “all-screened children without residential mobility”. Our Kappa results 
indicated that, in all four periods, address change has about a 10% agreement difference among 
multiple-screened children. Since 35% of children are multiple screened in Shelby County, the 
different implications of the first-BLL and highest-BLL use should be clarified in detail in 
geographic distribution of BLLs.  




Children with RM 
Multiple-Screened 





1994-1998 .64***(.63-.66) .74***(.72-.75) .83***(.82-.83) .89***(.88-.89) 
1999-2003 .73***(.72-.75) .81***(.80-.82) .86***(.86-.87) .91***(.90-.91) 
2004-2008 .74***(.73-.75) .83***(.82-.84) .89***(.88-.90) .93***(.93-.94) 
2009-2013 .74***(.72-.76) .84***(.82-.86) .88***(.87-.89) .94***(.92-.94) 





Figure 5. Residential mobility effect on percent agreements. 
This persistent 10% agreement difference among multiple-screened children could lead to 
a bias comparing the distribution of first-BLL and highest-BLL deduplicated datasets. Since this 
study focuses solely on comparison of deduplication methods on their spatial distribution, the 
impact of 10 % agreement difference was considered. Therefore, only the BLLs from the first 
recorded addresses were used in the rest of the research questions. 
Status change (disagreement) between the first-BLL and the highest-BLL from “non-
elevated” to “elevated” is more obvious in the first periods (Table 7). The question is why do 
some children living in the same address end up with elevated BLLs? These results are based on 
5µg/dL and above. Since the threshold was treated as 10µg/dL before 2012, those children with 
less than 10µg/dL might not have been effectively followed up. Residential mobility might not 
be the only contributing factor to this status change. There could be several factors such as 
contaminated capillary sampling, capillary draw followed-up with venous sampling, seasonal 
variation of environmental exposures from summer to winter, lab testing method (anodic 
stripping voltammetry vs. graphite furnace absorbance), parental neglect on dietary/personal 
hygiene, home-based environment, school-based environment and/or other environmental 




















t All-screened children w/o RM
All-screened children with RM
Multiple-screened children w/o RM












1994-1998 785 1,220 2,005 
1999-2003 586 1,009 1,595 
2004-2008 550 695 1,245 
2009-2013 310 332 642 
The overall decline in status change may indicate that the intervention strategies are 
working but some at-risk areas may not be effectively intervened. Local Gi
*
 was also helpful to 
map the location of these cases and their clusters to support the design of public health 
intervention strategies. Local Gi
*
 was used to find if those BLLs with status change were forming 
local clusters. The same methodology was followed for the test of global spatial autocorrelation 
as well as local hot spot analysis. Figure 6 indicates that children without a RM consistently 
clustered in the first 3-time periods in the southwest portion of the County whereas children with 
residential mobility clustered sporadically within those periods. No significant hot spots were 
detected for the 4
th
 period.  
 




To answer the second research question, “is there an overall clustering (global spatial 
autocorrelation) of the similar blood lead levels in Shelby County, TN?”, 1000-meter buffer 
areas for each screened child were created and counts of neighboring cases were calculated using 
ArcGIS’s spatial join functions. Figure 7 shows the distribution of BLLs by their 1000-meter 
buffer representations and the z-scores for the global spatial autocorrelation. In Figure 7a, the 
light red color indicates the buffer zones with neighboring observations (sufficient number of 
neighboring points to ensure asymptotic normality) after three iterations reached convergence 
rate of 99.9%. The light blue color indicates the buffer zones with very few neighboring 
observations (mostly <8 neighboring points). BLLs within the light blue color area were 
excluded from the Global and Local spatial autocorrelation analysis to ensure asymptotic 
normality. In all maps, a jittered Shelby County Boundary was used in order to comply with IRB 
protocol. 
Figure 7b shows the remaining BLLs after the exclusion and Figure 7c is the results for 
global spatial autocorrelations for Moran’s I and Getis-Ord Gi. Figure 8 also displays the 
distribution of z-scores for both global spatial autocorrelation statistics. The results of both 
statistics indicate that there is a spatial autocorrelation at more than 99% confidence level in all 





 periods. Except the 3
rd
 period, all z-score trends among children groups and deduplication 












Even though the trends are similar among the pairs of first-BLL-by-all-screened vs. 
highest-BLL-by-all-screened and first-BLL-by-multiple-screened vs. highest-BLL-by-multiple-
screened, there is a big gap in z-scores between all-screened and multiple-screened groups 
(Figure 8). This could possibly be because of the difference in all-screened and multiple-
screened BLL observation numbers. The z-score trend between all-screened and multiple-
screened children groups apart from each other after the second period. This may indicate that 
spatial autocorrelation is in a slow incline in the all-screened children group. However, the 
random effect by the single-screened children may have masked the real trend in spatial 
autocorrelation within this group. The downward trends in z-scores in the 1
st
 period indicate that 
the strength of global spatial autocorrelations decreases. This could be related to change from 
targeted screening to universal screening, or more awareness in lead toxicity initiated with 
outreach programs by SCHD between the 1
st


















Another interesting result was that z-statistics of the observed magnitude steadily 
declined among the multiple screened children in both Moran’s I and General Gi. This 
prominent decline in z-scores and the weaker positive autocorrelation towards the recent periods 
may indicate a success in the intervention efforts on follow ups by the Shelby County Health 
Department. These overall trends should also be visible in the local spatial autocorrelation. 
Table 8. False discovery rate (FDR) corrections on z-scores. 
Datasets by Methods & Periods 
Equivalent thresholds for FDR corrected z-scores* 








1994-1998 All-screened 1.84 2.17 2.82 
1994-1998 Multiple-screened 2.01 2.35 3.01 
1999-2003 All-screened 2.10 2.45 3.08 
1999-2003 Multiple-screened 2.40 2.72 3.32 
2004-2008 All-screened 2.07 2.42 3.07 
2004-2008 Multiple-screened 2.67 2.93 3.43 
2009-2013 All-screened 2.06 2.40 3.06 











1994-1998 All-screened 1.81 2.15 2.80 
1994-1998 Multiple-screened 1.97 2.30 2.95 
1999-2003 All-screened 2.00 2.35 2.97 
1999-2003 Multiple-screened 2.30 2.61 3.21 
2004-2008 All-screened 2.03 2.36 3.01 
2004-2008 Multiple-screened 2.62 2.91 3.43 
2009-2013 All-screened 2.03 2.37 3.02 
2009-2013 Multiple-screened 2.68 3.00 3.56 
* 
These thresholds are approximated from the z-scores fixed by the FDR 
To answer the third research questions “How does the deduplication method affect the 
identification of at –risk areas (hot spot clusters) over time?” Local Gi
*
 statistic was used to 
observe the trend in local clusters. Ordinary Kriging was used to map hot and cold spots by z-
scores to ensure confidentiality of the individual locations. In order to account for multiple 
testing and spatial dependencies, Kriging results were adjusted with FDR corrected confidence 




and highest-BLL deduplication methods for both all-screened and multiple-screened children. 
Figure 9 also shows the BLL mean corresponding to each study period by all-screened and 
multiple-screened children.  
The General Gi statistic indicated that high BLL values define the global spatial 
autocorrelation. The distribution of hot and cold spots by Local Gi
*
 corroborated this finding. In 
terms of time periods, deduplication methods, and screening (all-screened vs. multiple-screened) 
hot spots were observed to be more clustered in the same area (western side of Shelby County) 
whereas cold spots were more dispersed. This pattern was observed in all periods for all-
screened children by first-BLL and highest-BLL deduplication methods. However, hot spots 
started expanding towards the eastern side of the county in the second period and the expansion 
continued in a steady trend in the 3
rd
 and the 4
th
 periods. Another expansion was also observed 
towards the southern part of the county in the 4
th
 period.  
Even though the hot spots were concentrated in the western part of the county, the 
concentrated form was observed in a transition towards dispersion. One of the reasons for this 
trend pulling away to dispersion could be the downward trend in BLL mean values in the study 
periods. Between the 1
st
 and the 4
th
 period, the mean BLL value for the Shelby County was 
dropped from 5.52µg/dL to 1.82µg/dL for all-screened children by the first-BLL deduplication 
method. Similar trend was observed as 6.04µg/dL to 1.95µg/dL for highest-BLL deduplication 
method. One assumption for this trend could be the general decline in BLLs among children. 
However, recalling the transition to the LeadTRK system and previous reporting issues, this drop 
was also possibly a product of the increased number of very low BLLs that have been reported 
electronically. Therefore, a comparison between first two periods and last two periods (before 




 The hot spots were also mapped for multiple-screened children at 99% confidence 
intervals to compare the deduplication methods among multiple-screened children as well as to 
see the possible effect of multiple-screened children over all-screened children at that confidence 
level. Figure 9 a-2 and b-2 is a comparison for the all-screened and multiple-screened children by 
first-BLL and highest-BLL deduplication methods at the 99% significance level. Like all-
screened children, a similar concentrated pattern in hot spots was observed for multiple-screened 
children with a similar dispersion trend. However, multiple-screened children hot spot areas 
started diminishing in the 2
nd
 period. 
The trend in multiple-screened children hot spots could be a better predictor for 
measuring intervention efforts since this group is not masked with the random effect by single-
screened children. In terms of the deduplication methods, highest-BLL revealed a 99% 
significant hot spot cluster area in the 3
rd
 period in the north of Shelby County (Figure 9b-1). The 
same area in Figure 9a-1 was registered as “not significant” by the first-BLL deduplication 
method. When this area was investigated, it was found that there were 131 BLLs and 27 of them 
were elevated. Other than this example, the deduplication methods produced similar hot spots a 
little larger by highest-BLL deduplication method compared to first-BLL deduplication method. 
Highest-BLL deduplication method could be beneficial finding environmentally available lead 









Table 9 describes hot and cold spot areas and their ratio to total Shelby County area. The 
percent of hot spot areas ranged from 2 to 4. The percent of cold spots, however, ranged from 1 
to 5. The larger range in cold spot areas was because of the 1
st
 period. Since the screening efforts 
in the first period were concentrated in the western part of Shelby County, there were fewer 
BLLs from the eastern part of Shelby County. This resulted in less precise Kriging in cold spots 
in the 1
st
 period. Starting from the 2
nd
 period, the cold spot Kriging estimation results were 
improved. This also point out that lower BLL values prior to LeadTRK were not being reported 
as the period after the LeadTRK.  
Even though the area in hot spots for multiple-screened children significantly diminished 
between the 3
rd
 and the 4
th
 period, an opposite trend was observed in all-screened children 
groups. According to Table 9, a 6.28 km
2





by first-BLL deduplication method. Similar increase was observed with 5.78 km
2
 between same 
periods by highest-BLL deduplication method. While the mean BLL value for Shelby County 
was in a consistent downward trend, a diminishing hot spot patterns would be expected. 
However, this downward trend was only visible in multiple-screened children. The opposite 
trend in all-screened children could be because of the random effect by single-screened children.  
The distribution of various BLL ranges was also studied. These ranges were: 1) BLL of 
10µg/dL and above, 2) BLL between 5 and 10µg/dL, 3) BLL between 3µg/dL and 5µg/dL, and 
4) BLL less than 3µg/dL. Figure 10 is a bar chart that shows the comparison of EBLLs fall in hot 
and cold spots during each time period. Similar downward trend was observed between the old 
(5µg/dL) and new (10µg/dL) thresholds. Grey represents the total EBLLs within Shelby County. 
Red color indicates EBLLs that fall in hot spot areas and blue color indicates EBLLs that fall in 




Table 9. Area of clusters by deduplication method and period. 
 
Periods 
Total Area of 
Shelby County 
Area of Hot 
Spots 
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According to Figure 10, in first-BLL deduplication method, 37%, 25%, 25%, and 27% of 








 periods, respectively. For 
the same periods, the percentages for cold spot areas were followed as 14, 3, 5, and 4. In the 
highest-BLL deduplication method, the results were similar, 39%, 26%, 29%, and 30% of the 








 periods, respectively. Cold spots 
percentages for the highest-BLL deduplication method were 16, 5, 6, and 5, respectively. 
Figure 10 also shows that Local Gi
*
 was very successful addressing BLLs over 10µg/dL. 
According to Figure 10, 52%, 35%, 34%, and 33% of all EBLLs (over 10µg/dL) were observed 
in hot spot areas based on the first-BLL deduplication method. The percentages were similar at 
highest-BLL deduplication with 53%, 37%, 39%, and 36%. Percent EBLLs (over 10µg/dL) in 
cold spots were very low except the 1
st
 period with 8% and 10% based on first-BLL and highest-





Figure 10. Distribution of EBLLs in hot-cold spots. 
 
According to Figure 11, in first-BLL deduplication method, 22%, 13%, 13%, and 14% of 








 periods, respectively. 
For the same periods, the percentages for cold spot areas were followed as 22, 5, 7, and 7. In the 
highest-BLL deduplication method, the results were similar, 22%, 14%, 16%, and 16% of the 








 periods, respectively. Cold spots 
percentages for the highest-BLL deduplication method were 25, 8, 9, and 9, respectively. 
The biased reporting for the low BLLs is more prominent in Figure 11. There is an 
upward trend in both low-BLL groups (3µg/dL–5µg/dL and <3µg/dL) in the first 3 periods. Even 
though “3µg/dL–5µg/dL” group was followed by a decline in the 4
th
 period, the combined “non-
elevated” BLL numbers of these two groups would be equal. Figures 10 and 11 also show that 
the overall pattern between the deduplication methods do not differ much regardless of the 




elevated BLLs by the both deduplication methods for the 1
st
 period in Figure 10 and 11 could be 
due to insufficient BLL observations from eastern Shelby County (possible biased reporting in 
low BLLs) which caused poorer cold spot estimation by Kriging. 
 
Figure 11. Distribution of EBLLs in hot-cold spots. 
In order to answer the last question, “Is there a direct effect of intervention (change in 
screening and housing abatement practices or policies) on the spatial distribution of clusters?” 
At-risk areas per time period were identified. The total areas for the hot spots (Figure 9) were 
calculated by the raster to polygon conversion tool in ArcGIS. Table 10 illustrates environmental 
and socio-economic characteristics of these hot spot areas by the deduplication methods. Race 
percentages in Table 10 represent the race information for the screened children. The race 
percentages were calculated based only on the characteristics of the screened children. 
According to the American Community Survey (ACS) 2009-2013, African American 




complete (with only 1% missing) in the 1
st
 period. Percentage of race in the hot spot areas was 
observed as 98% in the 1
st
 period based on both first-BLL and highest-BLL deduplication 
methods. This percentage might be similar in the following periods. According to the 
comparison between the percent race estimate for the hot spots and the estimated race percentage 
of African Americans in Shelby County, there could be a relationship between African American 
children and hot spot areas. However, 94% of the screenings in the 1
st
 period came from African 
American children according to Table 4. Hence this assumption may not be valid because most 
of the screenings might have been concentrated in the areas where the majority of the population 
was African American. This could be because of the targeted screening recommendations by the 
CDC and childhood lead poisoning literature.  
According to the literature, old housing is one of the most common risk factor associated 
with childhood lead poisoning. In order to find the relationship between hot spots and old 
housing, residential buildings were converted to point features and the mean construction year 
was calculated per hot spot by using buildings in the 2012 Assessors dataset. Average years were 
calculated per each hot spot period and for Shelby County by using the construction year of these 
residential buildings. The relationship between old housing and hot spots is prominent. The 
average construction year for the hot spots ranges from 1935 to 1941 with an approximate 30 
years difference from the Shelby County average. This result indicates that old housing could 
also be one of the indicators of childhood lead poisoning for Shelby County. Most studies 
(Griffith et al. 1998; Haley and Talbot 2004; Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 
2008; Krieger et al. 2003; Lutz et al. 1998; Mielke et al. 1997; Miranda et al. 2002, 2007, 2011; 
Oyana and Margai 2007, 2010; Reissman et al. 2001; Roberts et al. 2003; Sargent et al. 1997; 




lead poisoning. However, none of these studies controlled their model with abatement efforts. 
Incorporating abetment efforts into the overall study area models might be difficult because 
abatements might be focused on certain areas within the counties. 
In Shelby County, 2,413 houses underwent the abatement process throughout the 20-year 
study period. Of these houses, 2,208 were successfully geocoded. Some houses were abated 
more than once. After the deduplication processes were run for those houses that were abated 
multiple times, 1,890 houses remained. These houses were divided into four groups 
corresponding to 4 time periods. A point-in-polygon geoprocessing operation was used to find 
the percentages for the abatement within each period. Figure 12 shows the distribution of abated 
houses. More than 50% of the abatements fell within hot spot areas in the first 3 periods for both 
deduplication methods. Even though there was a decrease in the 4
th
 period, the percentage of the 
abated houses within the hot spots in this period was 45% for the first-BLL deduplication and 
49% for the highest-BLL deduplication. Looking at Table 9, half of the abated properties fell 
within 2 to 4% of Shelby County. This may indicate that SCHD was successfully targeting at-




























  1994-1998 98% 1% - 58% (89) 1938 - - 
1999-2003 70% 29% - 52% (443) 1935 - - 
2004-2008 36% 63% - 60% (728) 1941 - - 










1994-1998 98% 1% - 60% (89) 1939 - - 
1999-2003 70% 29% - 53% (443) 1936 - - 
2004-2008 36% 63% - 67% (728) 1941 - - 












Average Median Income calculated by using sum of median income dividing by number of census tract centroid fall in hot spots 
2
The number of total abated houses in Shelby County is in the parenthesis 
3
Average year built is calculated as sum of residential building construction years divided by number of buildings 
4
The estimate % for poverty is calculated as number of “6-year-old and under children below poverty” divided by “Number of children 
under 5 years old”  
5
The estimate % Education is calculated as number of “High School Diploma or above over 18 years old” divided by “Total Education 
Attainment Number” 
6 
Shelby County Means for demographic variables from 2009-2013 American Community Survey 
7
African American percent was obtained for Shelby County from 2009-2013 American Community Survey county estimates 
*Race is calculated from the BLL dataset 






Census tracts from the American Community Survey 2009-2013 were converted to point 
datasets for the estimations of median income, percent of children below poverty, and education 
attainment. After point-in-polygon analysis, census tract centroids which fall in hot spot 
locations were used in the calculation of hot spot estimates for the study periods. The Shelby 
County average for these variables was also estimated. Average median income for hot spots in 
the 4
th
 period was observed to be around half of the Shelby County median income. The percent 
of children below poverty was also observed to be higher than the Shelby County estimate. In the 
4
th
 period, 75% of the children in the hot spots were estimated below the poverty line based on 
the first-BLL deduplication. This percentage for the highest-BLL deduplication method was 
observed as 77%. The education percentage indicates the number of people over 18 years in a 
household that attained high school or above education. According the American Community 
Survey 2009-2013, 83% of people over 18 years old in Shelby County had at least a high school 
diploma. This percentage was observed in hot spots of the 4
th
 period as 73 and 72 percent based 
on first-BLL and highest-BLL deduplication methods, respectively. 
These findings corroborated previous childhood lead poisoning studies (Griffith et al. 
1998; Haley and Talbot 2004; Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 2008; Krieger et 
al. 2003; Lutz et al. 1998; Mielke et al. 1997; Miranda et al. 2002, 2007, 2011; Oyana and 
Margai 2007, 2010; Reissman et al. 2001; Roberts et al. 2003; Sargent et al. 1997; Vaidyanathan 
et al. 2009). Visual correlation in Table 10 indicates that there could be a relationship between 
hot spot areas and race, median income, number of abatements, old housing, poverty, and 






Figure 12. Distribution of abatement efforts. 
Study Limitations 
One of the data limitations was 10% un-geocoded BLLs. Address information was not 
reported at all for more than 20,000 BLLs. Unreported addresses are the main reason for the un-
geocoded BLLs. Even though the new LeadTRK system improved BLL reporting issues, it did 
not have a great effect on the reporting of address information. According to SCHD, address 
information along with other common missing variables are being collected but not being 
reported properly. Address information and other variables might be missing in the process of 
data transfer. After the data collection by the providers, the loss could take place either between 
data providers and laboratories or between laboratories and LeadTRK system (Figure 1).  
Spatial uncertainity in address geocoded BLLs is another limitation in this study. Unlike 




LeadTRK System were not geocoded to the parcel reference file. This means the BLLs do not 
necessarily represent the exact location of the children’s house. In those cases, urban and 
suburban areas provide more accurate results when a street reference system is used. Rural areas 
are the ones with the highest errors of positional accuracy in this system (Cayo and Talbot 2003; 
Zimmerman and Li 2010). The mean and the percentile of positional errors from street address 
geocoding vary. In their study, Cayo and Talbot (Cayo and Talbot 2003) reported maximum 
positional errors of address geocoding in meters as 1,088 for urban, 2,584 for suburban, and 
18,742 rural areas. They also reported that 99% of the records are geocoded to within 379 
meters, 1,219 meters, and 5,706 meters of their true locations for urban, suburban, and rural 
areas respectively. Even though 1000 m distance criterion was selected for the spatial statistics in 
this study, some of the true neighbors may still be outside of the 1000 m range.  
In terms of spatial statistical analysis, asymptotic normality is the assumption in Moran’s 
I and Getis and Ord’s Gi statistics. Statistical results are not valid if this assumption is not met. In 
this study, BLLs with very few neighboring observations were removed to assure asymptotic 
normality. However, some extreme cases, such as a much skewed underlying distribution, may 
still result in having some ostensibly significant hot/cold spots. One case was detected in this 
study in the 4
th
 period. In this case, when neighboring BLLs were analyzed, it was revealed that 
most of the BLLs were very low except two of them with very high values. Even though 
increasing the number of neighbors help assuring asymptotic normality, there may be some cases 
similar to this one that the distribution would be much skewed.   
Another limitation was the percent of missing data in race, sample type, sex, and 
ethnicity. In some studies, childhood lead poisoning was found to be related to the ethnicity. 




thorough analysis on ethnicity and childhood lead poisoning relationship for Shelby County. 
Sample type is also important since studies (Haley and Talbot 2004; Oyana and Margai 2007, 
2010) selected venous BLLs over capillary BLLs. In this study, the number of missing “sample 
type” information was 27 in the 1
st
 period; 3,777 in the 2
nd
 period; 22,570 in the 3
rd
 period; 
26,786 in the 4
th
 period. The highest missing data in the “sample type” was in the 4
th
 period with 
52%. This information would be very helpful to conduct quality assessment on BLLs of Shelby 
County children. 
Conclusion 
The literature has strongly advocated the use of GIS in sensitivity and spatial uncertainty analysis 
and surveillance of the environment and its impact on lead poisoning (Kaplowitz et al. 2010; 
Kim et al. 2008; Mahaffey et al. 1986; Sargent et al. 1995). Yet, there are relatively few efforts 
to integrate and compare data deduplication methods analytically. First, both methods should be 
compared. A temporal analysis could be conducted to see whether other factors play a role. In 
this study, both methods yielded many significant hot spots of at-risk areas in Shelby County. 
These clusters were fully expected since the children’s lead poisoning in the Memphis urban core 
is historically among Tennessee’s worst. 
The comparison between first-BLL and highest-BLL cases can help to understand where 
and why some children’s BLL become dangerous while they have already received very low 
BLL values. First-BLL and last-BLL or highest-BLL and last-BLL comparisons can help in 
understanding the efficacy of intervention efforts as well as abatement practices. Besides the hot 
spot of address changes over these methods can also explain the residential mobility effect on 





The first research question was about residential mobility and its effect on the 
deduplication methods as well as multiple-screened and all-screened children groups. The first-
BLL and highest-BLL deduplication methods were analyzed within 4 time periods by four 
different study groups (Table 6). The results for the first two study groups, “multiple-screened 
children with residential mobility” and “multiple-screened children without residential mobility”, 
showed that residential mobility may have an impact on the deduplication methods. Among these 
two groups, a 10% agreement change (0.64-0.74) was observed for the 1
st
 period. The changes 







 periods, respectively. The results for the last two groups, “all-screened 
children with residential mobility” and “all-screened children without residential mobility”, 
indicated that the impact of the disagreement among multiple-tested children was about 6% 









periods, respectively. This consistent percent agreement changes among multiple children and 
their effect on all-screened children suggest that residential mobility may have an impact on the 
deduplication methods.  
The impact of residential mobility on the deduplication methods was studied with Local 
Gi
*
 statistic. Throughout 1994 and 2013, more than 5,000 children were identified as “non-
elevated” based on their first BLL screening results but their BLLs became “elevated” after a 
period of time. These results were analyzed with spatial autocorrelation statistics. Even though 
Global Moran’s I detected no global spatial autocorrelation, Local Gi
*
 statistic results indicated 
that some of those BLLs were in significant hot spots. While the hot spot locations for the first 
three periods for the group without residential mobility consistently pointed to the same 




neighborhoods. These results indicate that residential mobility may have impact on spatial 
analysis in childhood lead poisoning. No hot spots were observed in the 4
th
 period on either 
group regardless of residential mobility. This could be because of the prominent decrease in 
number of children with the status change “non-elevated” to “elevated”. This result also indicates 
an improvement in screening efforts.  
In terms of surveillance datasets, childhood lead poisoning prevention program efforts is 
also investigated. Even though reporting performance has significantly improved since the 
transition from STELLAR to LeadTRK, missing data percentages for some key variables in the 
LeadTRK system are increasing. For instance, missing data related to ethnicity has increased to 
99% between 2009 and 2013. Missing address information is another issue which affects spatial 
and statistical analysis.  
The importance of GIS was recognized by the CDC in 2004 after they developed a 
guideline for the use of GIS in childhood lead poisoning studies. However, GIS has still not been 
efficiently implemented into childhood lead poisoning surveillance systems. Between 1994 and 
2013, there were more than 20,000 BLLs which do not have any address information at all. In 
the same period, almost 10,000 additional BLLs were not geocoded due to improper address 
information. For example, there were more than 45 different misspellings of “Memphis” within 
the database. Similar typos were found for street names or ZIP codes. Even though these 
addresses were geocoded within the LeadTRK system, missing components or typos can cause 
positional errors. These errors can cause invalid inferential statistical results in studies. Like 
electronic reporting in LeadTRK, the integration of GIS in the data collection phase could be 
beneficial to collect accurate information. In such a system, addresses can be easily validated at 




The second research question was about global spatial autocorrelation in BLLs. Results 
by global spatial statistics Global Moran’s I and General Gi provided in depth understanding of 
spatial trends in BLLs between 1994 and 2013. A persistent downward trend was observed for 
multiple-tested children in both statistics. Global Moran’s I z-scores in multiple-screened 









 periods, respectively. A similar trend was observed for the highest-BLL 
deduplication with 35.05, 14.89, 13.95, and 9.23 with p<0.001. Similar downward trend was 
observed in General Gi statistic results for multiple-screened children by first-BLL and highest-
BLL deduplication methods (Figure 7c). On the other hand, results for all-tested children showed 
a slight incline after the 2
nd
 period for Global Moran’s I and after the 3
rd
 period for General Gi. 
These patterns could be explained by random effect of single-screened children.  
The third research question was about hot spot analysis of BLLs by Local Gi
*
 statistic. 
FDR correction was employed to account for global spatial dependency and multiple testing. The 
spatial statistical results showed that Local Gi
*
 statisitc is successful at addresing at-risk areas. 
The global spatial autocorrelation results were mimicked in the Local Gi
*
 hot spot analysis. The 
1
st
 period had the highest concentration of high BLL clusters. This could be the result of BLL 
reporting issues prior to LeadTRK system. Since physicians and clinics were focused on EBLLs, 
low BLLs may not be reported efficiently (Betsy Shockley 2013). In terms of the comparison of 
multiple-screened and all-screened children groups, both deduplication methods provided a 
diminishing pattern similar to both global spatial autocorrelation results (Figure 9).  
The results for all-screened children were also mirrored in both global spatial 
autocorrelation results. For this group, the area of 99% significant hot spots was more 
concentrated (Figure 9) in the 1
st






 and 56.37 km2, respectively. In the 2
nd
 period, these numbers were observed for the first-
BLL and highest-BLL as 42.13 km
2 
and 43.53 km2, respectively. The decrease was observed 




 periods. As in the 
global spatial statistic results, areas started to increase with a more dispersed pattern after the 2
nd
 
period in both deduplication methods. In the last period, areas of hot spots were observed as 




 for the first-BLL and highest-BLL, respectively.  
These trends could also be related to the increase number of low BLL reporting by the 
transition to the LeadTRK system. Since Local Gi
*
, compares defined neighborhood mean (1000 
m buffer around BLLs) with the study mean, increase number of low BLLs would affect the 
study mean dramatically. This could be seen in Figure 11. Number of BLLs below 3µg/dL was 
calculated as 5,390 (24%) in the 1
st
 period, 10,875 (38%) in the 2
nd
 period, 31,278 (61%) in the 
3
rd
 period, and 38,619 (75%) in the 4
th
 period by the first-BLL deduplication method. A similar 
trend was observed in the highest-BLL deduplication method as 4,137 (18%) in the 1
st
 period, 
9,569 (34%) in the 2
nd
 period, 29,753 (58%) in the 3
rd
 period, and 37,399 (73%) in the 4
th
 period. 
These percentages indicate an exponential trend in the low range BLLs (<3µg/dL). Between the 
1
st
 period and the 4
th
 period, the increase in percentages of low range BLLs was observed as 52% 
(75%-23%) for the first-BLL deduplication method and 55% (73%-18%) for the highest-BLL 
deduplication method. The increase in this range cannot be explained with only intervention 
efforts. Data reporting efficiency by the LeadTRK system could also help clarify this extreme 
increase. 
The resultant hot spots had similar patterns with respect to these characteristics, except 
some hot spots only became visible with the highest-BLL deduplication method. An example 
was observed in the 3
rd




According to the first-BLL deduplication method, this area was not statistically significant but 
statistically significant by the highest-BLL deduplication method, p<0.01. This result indicates 
that the highest-BLL could be beneficial in finding environmentally caused at-risk areas for 
children. Overall, it is hard to conclude that one deduplication method is superior over the other. 
Instead, this study underscores the need for an exploratory, integrative approach to assessing at 
risk areas for childhood lead poisoning, since different methods can identify different patterns. 
Local Gi
*
 can be efficient to find childhood lead poisoning at-risk areas which may help health 
departments target at-risk neighborhoods for both BLL screenings and abatement efforts. The 
comparison between the two most used deduplication methods in the literature suggests that both 
methods provide useful ways to characterize the spatial aspects of lead poisoning. 
The last research question was about environmental and socio-economic variables within 
hot spot areas. Using the two methods in conjunction could provide more detail about the 
population and spatial features contained within each type of hot spot. According to Table 10, 
old housing is still a major contributor in childhood BLLs. Besides old housing, poverty, median 
income, and education attainment were also observed to be related to hot spot areas. All those 
variables were observed remarkably different than the counterpart averages of Shelby County. 
The environmental and socioeconomic characteristics of screened children contained within the 
two methods were remarkably alike. This could be because of the result of screening efforts 
which focused on the old city core with similar environmental and socioeconomic 
characteristics.  
Abatement efforts were mostly targeted in hot spots. In the first period, 58% and 60% of 
the abated houses (N=89) were found in hot spot areas based on first-BLL and highest-BLL 




because abatement efforts were started in 1995 and the number of abated houses increased 
slowly in this period. Therefore, compared to the first period, the second period showed a five-
fold increase in the number of abated houses (N= 443) in Shelby County. In this period, 52% of 
the abated houses fell in the hot spot areas. In the third period, out of 728 abated houses, 60% of 
those houses fell in the hot spot areas based on the first-BLL deduplication method. This 
percentage was observed as 67 in the highest-BLL deduplication method. Compared to the 
previous period, a small decrease in the number of abated houses was observed in the last period 
with total of a 630 abated houses. Within the 4
th
 period, the percentages of abated houses which 
fall in hot spot areas was the lowest among all periods with 45% and 49% based on the first-BLL 
and highest-BLL deduplication methods, respectively. The average construction year within the 
hot spot areas, where about 50% of the abatement efforts occurred, ranged from 1935 to 1941. 
This shows that abatement efforts focused on the old city core where BLL hot spots overlap. 
This may indicate that SCHD is targeting at-risk areas in terms of intervention efforts. Further 
statistical analysis is needed to investigate whether abatement efforts have an impact on lowering 





Geographical Regression Analysis of BLLs of Shelby County Children Screened 2009-2012 
Abstract 
BACKGROUND: Childhood lead exposure is still one of the costliest health problems in the US.  
Studies that utilized Geographic Information Systems (GIS) for childhood lead poisoning 
indicate a significant relationship exists between BLLs and socioeconomic and environmental 
variables. Older lead based house paint and soil contaminated with lead are the two major 
avenues of childhood lead poisoning in the US. Other risk factors include: median income, 
poverty, race, ethnicity, population density, vacancy, renter/owner occupancy, housing value, 
and/or nutritional status. Integration of GIS into childhood lead exposure studies has 
significantly enhanced identifying lead hazards in the environment and determining at risk 
children. 
OBJECTIVES: The purpose of this study is to analyze global and local risk factors of childhood 
lead poisoning in Shelby County, Tennessee.  
METHODS: BLLs from 2009 thru 2013 were obtained from the Shelby County Health 
Department. Ordinary least squares (OLS) were used to analyze global risk factors as well as to 
investigate the association between the percent of children with EBLLs and soil lead 
contamination and housing abatement efforts. Local statistics were also studied through 
geographically weighted regressions (GWR). GWR is useful to test spatial non-stationarities 
within a study area as well as beneficial mapping local risk factors.   
RESULTS: The global and local statistical models showed that there is a significant relationship 
between the percent of children with EBLLs and the percent of screening, median construction 




attainment, public assistance, poverty, and median income. Population density and vacancy were 
not found to be associated with the percent of children with EBLLs 
CONCLUSIONS: This study showed that local statistics could be very helpful in designing 
region specific target areas based on significant local coefficients of the risk factors. The global 
OLS models showed that there is a significant association between soil lead concentration and 
the outcome variable. However, this relationship loses its significance when the model controlled 
with the percent of old housing. Therefore, larger soil samples are needed to confirm these 
results. The percent of abated houses are also associated with the outcome variable. This could 
show a possible successful targeting of at risk areas for abatement by the Shelby County Health 
Department.  





Despite being a preventable problem, lead poisoning remains a major health threat and a 
persistent source of illness to children of the United States with an estimated $50.9 billion of 
prodoctivity loss in 2008 (Trasande and Liu 2011). Even though there was a dramatic decline in 
childhood lead poisoning over the last few decades, children aged <6 years continue to be 
exposed to lead (Brown and Margolis 2012). Studies that utilized GIS for childhood lead 
poisoning indicate a significant relationship exists between BLLs and socioeconomic and 
environmental variables. Older lead based house paint and soil contaminated with lead are the 
two major avenues of childhood lead poisoning in the US. Other risk factors include: median 
income, poverty, race, ethnicity, population density, vacancy, renter/owner occupancy, housing 
value, and/or nutritional status.   
In this chapter, possible risk factors for childhood lead poisoning were explored in Shelby 
County, Tennessee, with global (Ordinary Least Squares) and local (Geographically Weighted 
Regression) statistics. The following questions were investigated to understand childhood lead 
toxicity in Shelby County children: 1) “What factors contribute to elevated BLLs in Shelby 
County, TN?” 2) “Which risk factors demonstrate regional variations throughout Shelby County?” 
3) “What is the relationship between the outcome variable and screening efforts?” 4) “Is there an 
association between soil lead concentration and the Percent of EBLL cases?” 5) “Is there an 
association between abatement efforts and the percent of children with EBLL?”  
Data and Preparation 
To analyze potential relationships between BLLs, and socio-economic and environmental 
factors, 52,521 BLL test results, 90 soil samples, 252,211 residential buildings, 2,200 abatement 




were modeled. The pediatric blood lead samples were obtained from the LeadTRK System 
through the Shelby County Health Department Childhood Lead Poisoning Prevention Program 
(CLPPP). In accordance with the IRB protocol, children’s locations were not identified. The 
study analyzes BLLs for children 72 months and younger. Birth records between 2003 and 2013 
were obtained from Shelby County Health Department (SCHD) and used as the population 
denominator. This data was aggregated to census tract level by the SCHD. SES variables were 
drawn from the 2009-2013 American Community Survey (ACS). Abatement data was obtained 
from Shelby County Health Department along with BLL records. Abatement records were 
geocoded on the US Street Reference System in ArcGIS (ESRI, Inc.)  
Abatement Process 
Abatement efforts in Shelby County are funded through either the Shelby County Housing and 
Community Development Department (HCD) or the United States Department of Housing and 
Urban Development (HUD). Owners or renters can apply for these grants based on their 
eligibility. The houses have to be built before 1978 and total household annual income must be at 
or below HUD level (e.g. 3 persons, $41,800 or less). There is a 3-step approach to the 
abatement process. The 1
st
 step is the X-Ray measurement of readily available lead in paint in 
the house. The 2
nd
 step is involved in remediation of deteriorated sections and parts in the house. 
Doors or windows may be replaced in this process based on the X-Ray readings. Theses first two 
steps are conducted by different certified environmental contractors due to possible conflict of 
interest. The 3
rd
 step is conducted by an environmental specialist from SCHD. This process is 
involved with collecting three dust wipe samples for each room in the house (one for floor, 
window sill, and window well). Samples are analyzed SCHD labs. The lead abatement process is 
completed if the lab results are below the set-thresholds which are 40 mg/ft
2






for window sills, and 400 mg/ft
2
 for window wells. This process may be repeated if the lab 
results fail. 
Soil lead measurement 
Soil lead concentrations were measured for 90 schools in Shelby County, TN using a portable X-
Ray Florescence (XRF) Spectroscopy by the Rhodes College Chemistry Department. Soil 
samples were collected in the summer of 2010 and 2011 from 90 locations that were either 
school yards or public parks near schools. Most of the sample sites were Memphis Public 
Schools including fifty-one elementary schools (kindergarten through grade 6), eleven middle 
schools (grades 7 through 9), and six high schools (grades 10 through 12). Seventeen private 
education centers and six public parks adjacent to schools were also included in the study. When 
sampling, at elementary schools, soils in or next to play areas and at the building main entrances 
were considered as sample collection sites. At the middle and high schools, sports fields 
(football, baseball, and soccer) as well as the primary entrances were considered for soil sample 
collection. 
Methods 
In ecological studies, global statistics that assume random distribution also assume independence 
in spatial variation when the research deals with spatial components. One way to cope with 
spatial dependency is to use spatial models (spatial autoregressive, spatial error, and spatial 
filtering) in global statistics (Amara and Lahga 2014). While these spatial methods help global 
statistics (OLS) deal with local spatial dependency among the risk factors and outcome variable, 
a local regression approach of geographically weighted regression (GWR) can also be used to 
address the spatial dependency (Fotheringham et al. 2002). In this study, the Ordinary Least 




and the risk factors. To account for local spatial variation, GWR was used to map the local 
variances in the coefficients of risk factors. These methods are explained in the following 
sections. 
Multiple Regression: Ordinary Least Squares 
Ordinary Least Squares OLS is one of the most common regression analyses mentioned 
in the childhood lead poisoning literature and similar ecological studies. The regression function 
can be defined as: 
𝑦𝑖 = 𝛽0 + 𝛽1𝑥1𝑖 + 𝛽2𝑥2𝑖 + ⋯ 𝛽𝑛𝑥𝑛𝑖 + 𝜀𝑖   (6) 
Where 𝑦𝑖 is the i
th
 observation of the dependent variable, 𝑥𝑖 .. 𝑥𝑛𝑖 are predictor variables, and 𝛽1.. 
𝛽𝑛 are the regression coefficients. In matrix form, the regression coefficients are estimated as: 
𝛽′ = (𝑋𝑇𝑋)−1𝑋𝑇𝑌     (7) 
This equation assumes that the dependent variable is normally distributed and stationary 
(independent and homoscedastic). In other words, there is only one global coefficient per 
independent variable. The spatial non-stationarity can be investigated using a Koenker Statistic. 
A spatial autocorrelation test on standardized residuals should also be run to detect the existence 
and level of the spatial autocorrelation. The null hypothesis in OLS is that all the coefficients are 
equal to zero: 
𝐻0  ∶  𝛽1 = 𝛽2 = ⋯ = 𝛽𝑛 = 0   (8) 
The null hypothesis is tested on the basis of Joint F and Wald statistics. If the p-values for these 
statistics are below 0.01, it means beta coefficients are not zero and they explain the variation in 
the dependent variable (Equation 8). A goodness of fit model can be explained by two indicators 
in this model: R
2
 and Akaike’s Information Criterion corrected (AICc) numbers. If model 




model (Rosenshein et al. 2011). If spatial autocorrelation cannot be addressed by the model 
variables, it should be addressed by a spatial model. A spatial autoregressive model (SAR) controls 
the spatial autocorrelation in the variables whereas a spatial error model (SEM) accounts for 
spatial autocorrelation in the error term.  
Geographically Weighted Regression 
Apart from global statistical models, a geographically weighted regression can be 
beneficial, especially (GWR) when spatial non-stationarity is present (Brunsdon et al. 1996). 
This is the case when coefficients change over space indicating that the explanatory variables are 
in a significant spatial non-stationarity. A regression equation in GWR can be defined as:  
𝑦𝑖 = 𝛽0(𝑖) + 𝛽1(𝑖)𝑥1𝑖 + 𝛽2(𝑖)𝑥2𝑖 + ⋯ 𝛽𝑛(𝑖)𝑥𝑛𝑖 + 𝜀𝑖   (9) 
Where 𝑖 is the local region. The new beta coefficient vector is estimated through: 
𝛽′(𝑖) = (𝑋𝑇𝑊(𝑖)𝑋)−1𝑋𝑇𝑊(𝑖)𝑌   (10) 
In equation 10, 𝑊(𝑖) is the location specific weight matrix where observations nearer to the 
location 𝑖 will give greater weight compared to the distant ones. The bandwidth for the 
observations in GWR could be either fixed or adaptive. This method gained popularity in the 
recent literature due to its power in mapping local variances in risk factors.  
Outcome Variable and Risk Factors 
The outcome variable in this study is the natural log version of the percent of children 
with EBLLs. The outcome variable was regressed by SES and environmental variables at census 
tract level. Similar to Miranda et al. (2002), the highest BLL values were selected if there were 
more than one observation per child in order to account for environmentally available exposure 
risk for childhood lead poisoning. Figure 14 shows the distribution of the percent of children 




housing is the most common factor in childhood lead poisoning studies, several forms of housing 
indicators were explored. Shelby County contains 221 census tracts according to ACS. Six 
census tracts did not have children or residential structures. Two of these census tracts were 
found in the south west region, next to the Mississippi river, the other two were found in and 
next to Shelby Farms Park, one was a medical district near downtown, and the last one was the 
Memphis Airport. These census tracts were removed from the study. The preliminary analysis 
indicated that the census tract which covers the downtown area of Memphis was an outlier; 
hence it was also excluded from the final models. After these exclusions, 214 census tracts were 
modeled with OLS and GWR. Table 11 shows the descriptive statistics for their dependent and 
independent variables. 
 
Figure 13. Distribution of the percent of children with EBLLs. 
Preliminary models which were controlled by population density, percent vacancy, and 




removed from model estimation. Even though it did not improve the models, the rent variable 
was found significant in two models without changing any parameters in the model. Old housing 
was initially modeled with four different indicators: median construction year (from ACS), 
average construction year, average residential construction year, and the percent of old housing 
(residential construction built before 1950). The first variable was obtained from ACS and the 
others were calculated by means of Shelby County Assessors dataset. Median construction year 
and the percent of old housing were kept in the final models since they provided better fit and 
added more explanatory power into the models. 
The first research question was “what factors contribute to elevated BLLs in Shelby 
County, TN?” Preliminary models indicated that there was a strong multicollinearity among the 
socioeconomic variables: education, poverty, public assistance, and median income. All these 
predictors displayed a possible relationship with the childhood lead poisoning outcome variable 
in those models. Hence, competing multiple regression models were employed throughout 
statistical analysis of childhood lead poisoning analysis for Shelby County, TN. A spatial 
autocorrelation test on standardized residuals was also employed by means of Moran’s I statistic. 
A distance of 10 km was selected to test and compare the spatial dependency among competing 
models. Variables selected in this research question parallel to the childhood lead poisoning 
literature were the percent of screening, median income, rent, median construction year, old 
housing, African American population, vacancy, education attainment, poverty, public assistance, 
and soil lead levels. Apart from these variables, abatements conducted before 2009, all 
abatements conducted before 2014, and categorical variables for kriged soil lead levels (Figure 






Table 11. Descriptive statistics for dependent and independent variables. 
Variable     (N=214) Min Max Mean SD 
Moran’s I 
(d=10km) 
Dependent Variable      
% EBLLs by Children 
Population  
0 10 2 2 .47 
Independent Variables      
% Screened children 2 61 34 15 .44 
% Old housing 0 98 25 32 .64 
% African American Population 0 100 56 35 .48 
% Vacancy* 0 58 15 11 .33 
% Education Attainment 2 84 31 20 .32 
% Abatement before 2009  0 52 1 5 .18 
% Abatement between before 
2014 
0 52 2 5 .23 
% Poverty 1 66 25 17 .50 
% Households with Public 
Assistance 
1 80 25 18 .48 
Median Income $10,417 $163,977 $55,174 $33,602 .37 
Monthly Cash Rent Asked* $277 $2,001 $697 $276 .41 
Median Structure Year** 1939 2003 1971 17 .61 
Average Structure Year 1918 1999 1965 20 .70 
Average Residential Structure 
Year 
1916 1998 1964 20 .73 
Population Density
# 
28 4,463 1,201 684 .27 
Soil lead concentration (ppm)
 
19 975 101 142 .30 




The second question was “which risk factors demonstrate regional variations throughout 
Shelby County?” GWR was used to map the non-stationarity of coefficients of the risk the 
factors. The third question was “what is the relationship between the outcome variable and 




2009 and 2013. The percent screened children were introduced into the models in order to 
investigate the association between the outcome and screening efforts.  
 
Figure 14. Distribution of the percent of screening. 
 “Is there an association between soil lead concentration and the percent of EBLL cases?” 
was the fourth question. By means of a distance analysis, the closest highest soil lead levels were 
assigned to the census tracts. The highest sample reading was assigned to each census tract where 
there were more than one soil lead samples obtained (Figure 15). Another variable for soil lead 
contamination was calculated by kriged soil lead levels in three categories: areas with lead particle 
















The last research question was “is there an association between abatement efforts and the 
percent of children with EBLL?” Two variables were calculated in order to answer this question: 
The percent of abatements prior to 2009 by the number of residential constructions built before 
1978, and the percent of abatements prior to 2014 by the number of residential constructions 
built before 1978. The first variable will capture the relationship between abatement efforts and 
the percent of children with EBLLs prior to the study period of 2009-2013. The second variable 
will capture the relationship between the percent of children with EBLLs and the total abatement 
efforts conducted between 1995 and 2013. Figure 17 shows the distribution of abatement efforts 
conducted between 1995 and 2013 in Shelby County, TN. Figures 18 through 29 shows other 
independent variables used in the preliminary and final models. Median construction year 
obtained from ACS 2009-2013. Average construction year, average residential construction year, 
and the percent of residential houses built before 1950 variables were also calculated by means 
of Shelby County assessors’ dataset. Population density was calculated by the total population 


















Figure 19. Average construction year distribution. 
 
 



















































Figure 29. Distribution of population density. 
 
Results and Discussion 
Shelby County children with EBLLs were analyzed with global and local statistics. Ordinary 
least squares (OLS) were used to employ global statistical models. Similar to Haley and Talbot 
(2004), log transformed percent BLLs was used as dependent variables ( ln[% elevated BLLs + 
1] ) in all models. “What factors contribute to elevated BLLs in Shelby County, TN?” was the first 
research question. Four models were used in order to address this question. Median construction 
year, the percent of old housing, and the percent of African American population were used in all 
models. Education, public assistance, poverty, and median income variables were also regressed 
separately in these models.  
Table 12 shows the result for first final competing models. All risk factors in four models 
were found to be highly significant. Model-1 (with education attainment) explained 75%, Model-




(with median income) explained 72% of the variance in the outcome variable. Residuals in all of 
the models were observed normally distributed. Beside normality, strong spatial autocorrelation 
may cause biased predictions. Therefore, a test for spatial autocorrelation should always be 
employed on model residuals. Table 12 indicates that the most robust model was Model-1. All of 
the variables in the models in Table 12 had the expected sign. As expected, negative significant 
associations were observed with the risk factors: median construction year, education attainment, 
and median income; and positive significant associations were observed with the risk factors: the 
percent of old housing, African American population, poverty, and public assistance. Model-1 is 
the most robust model based on AICc and Adjusted R
2
 values. Even though models 2, 3, and 4 
had a significant spatial autocorrelation, the Moran’s Index indicates that the amount of 
autocorrelation is very small ranges 0.04 to 0.07. The heteroscedasticity in the models 2, 3, and 4 
can be addressed by means of a GWR. GWR can also be beneficial in general in mapping local 
variations of the coefficients of risk factors. 
“Which risk factors demonstrate regional variations throughout Shelby County?” was the 
second research question. Geographically weighted regression (GWR) was used to address this 
question. Various GWR results can be obtained by using different calculation and bandwidth 
methods. For large bandwidths, GWR results will be similar to global regression results since the 
neighboring observations will contain all the observations when the distance is long enough to 
consider all observations in the neighborhood. The calculation method can be either fixed or 
adaptive. The “fixed method”, which finds neighboring observations per each census tract based on 
a fix distance, was selected for this study. Weighting neighboring observations based on their 
proximity, a GWR calculates local R
2
, coefficients, standard errors and other parameters for 




Table 12. Competing OLS models. 
Variable
 

































% Education -.011903*** 
(.001448) 
- - - 
% Public assistance  - .009442*** 
(.002005) 
- - 
% Poverty - - .006286*** 
(.001842) 
- 
Median income - - - -.000005*** 
(.000001) 





.76 .71 .70 .72 
Adjusted R2 .75 .71 .69 .71 
Akaike’s Information 
Criterion corrected 
32.33 70.65 80.62 66.92 
F-Statistics 163.07*** 127.54*** 119.31*** 130.72*** 
Wald Statistic 765.75*** 514.60*** 508.20*** 639.80*** 
Koenker Statistic 3.80 11.36** 14.11*** 12.91** 
Jarque-Bera Statistic 5.84* 2.39 1.51 3.43 
Moran’s I (d=10km) .02 .05*** .07*** .04*** 
N=212, standard errors of the regression coefficients are within parentheses.  





A preliminary GWR analysis was employed using 10km and 15km fixed distances. Due to 
the strong local multicollinearity, median construction year variable was excluded from the models 
in this section. Table 13 shows the diagnostics for GWRs for these distances.  “Residual squares” 
is the sum of squared residuals in the model. A smaller sum of residual squares indicates a closer 
fit to the observed data.  AICc numbers can be used to compare local and global models. The AICc 
numbers (for Model-2 and Model-3 from global OLS) are significantly improved in their GWR 
versions. Model-1 and Model-4 were observed with similar numbers. Spatial autocorrelation was 
another significant improvement between global OLS and GWR models. In global OLS, only 
Model-1 residuals were not spatially autocorrelated whereas the others had a small number of 
significant spatial autocorrelation.    











Residual Squares 12.37 13.66 14.41 14.26 
Akaike’s Information 
Criterion corrected 
34.78 54.41 65.89 65.32 
R
2 
.79 .76 .75 .75 
Adjusted R2 .76 .74 .72 .73 
Moran’s I (d=10km) -.02 -.02 -.01 -.01 
15km 
Residual Squares 13.15 15.05 15.93 15.46 
Akaike’s Information 
Criterion corrected 
30.57 58.50 70.70 64.82 
R
2 
.77 .74 .72 .73 
Adjusted R2 .76 .73 .71 .72 
Moran’s I (d=10km) -.01 -.00 .01 .00 
***p<.01, **p<.05, *p<.10 
 
In GWR models, both 10km and 15km bandwidth diagnostic results indicate that none of 
the models was found spatially autocorrelated. Residual squares, AICc, and R
2




also similar (Table 13). Figure 30 and 31 show the distribution of adjusted R
2
, standardized 
residuals, and condition number for 10km and 15km fixed bandwidth GWRs. Condition number 
is the criterion for local multicollinearity in GWR and the higher the condition number, the 
stronger the multicollinearity. Even though the diagnostics resulted from both bandwidths were 
similar, a notable variance was observed in the distribution of adjusted R
2
 and condition 
numbers. Moreover, more insignificant beta coefficients were observed when 10km bandwidth 
was selected. Therefore, the fixed bandwidth method with 15km was selected for further 
analysis. 
Figure 32 shows the distribution of local beta coefficients for the percent of old housing, 
race, education, public assistance, poverty, and median income. The red color represents high 
values of the coefficients where the effect of the risk factor is high in the model. The blue color 
represents the low values of the coefficients where the effect of the risk factor is minimal in the 
model. The light yellow color represents the medium values of the coefficients. The significance 
of the coefficients was also mapped with t-test values. The t-test values were calculated by the 
division of the local beta coefficients by their standard errors. In Figure 32, the grey color 
represents insignificant coefficients. Spatial non-stationarity is strong when the variance in the 
coefficients is high, and vice versa. Figure 32 indicates that spatial non-stationarity is very small 
in the percent of old housing coefficient. The strongest spatial non-stationarity within the 
significant coefficients was observed in the percent of African American population and the 
percent of public assistance variables in Model-2. There was around a 4-fold difference in the 
coefficients of those variables throughout the study area. When the insignificant coefficients 
were considered, the strongest spatial non-stationarity was observed within the percent of 














 The persistent non-stationarity and its location are very interesting among the African 
American population. All models indicated that the south-west corner of the county was the area 
with the highest African American population coefficient compared to other areas. The declining 
trend was toward the north-east direction. Other coefficients in this area are also explored. 
Education attainment, public assistance, poverty, and median income coefficients were observed 
to be the least effective compared to their counterparts throughout the study area. Based on these 
results, it can be said that race is a strong predictor for the outcome variable for the children who 
live in the south west corner of the county. 
The education attainment coefficient was found to be stronger throughout the northern 
section of the county. In this part, education coefficient is a better predictor compared to the 
education coefficient from the part along the southern border. The percent of public assistance 
coefficient was found to be higher in the eastern part of the county than western part. A similar 
pattern was observed with the percent of poverty coefficient. The median income coefficient 
pattern was similar to the percent of education coefficient. Insignificant coefficients were more 
common in the north and north-east section of the county for the race coefficient. This could be 
because the percent of African American population was reported below 25% in that region. Few 
insignificant coefficients were also observed in the west for the percent poverty coefficients. 
Only four census tracts in the south west corner of the county were found insignificant for the 










 “What is the relationship between the outcome variable and screening efforts?” was the 
third research question. Screening effort could be an important factor in childhood lead poisoning. 
Some areas might have higher percentages of EBLLs just because of the bias in screening 
practices. However, the screening practices were often shaped by the pre-knowledge of the risk 
factors of childhood lead poisoning such as living in and old housing or old city core area, a 
neighborhood with high percent poverty or low income level, and a neighborhood with a high 
African American population percentage. Therefore, controlling the screening practices in 
childhood lead poisoning could reveal some interesting interactions among the percent screened 
children and the risk factors. In some cases, like in this study, percent children could also be 
strongly associated with the outcome variable when health departments are successful at targeting 
high risk areas. 
After the initial competing regression models, the percent of screened children was 
introduced to each model in order to control the screening efforts. Table 14 shows the results for 
the four models. A significant improvement was observed after controlling the initial models 
with screening efforts. Model-1 (a) explained 81%, Model-2 (a) explained 80%, Model-3 (a) 
explained 80%, and Model-4 (a) explained 80% of the variance in the outcome variable. 
Compared to the initial model, no direction change was observed in other variables’ coefficients. 
However, median structure year and percent African American variables became insignificant in 
all four models. Poverty and median income variables were also observed insignificant. 
Education attainment was remained highly significant. Public assistance was also remained 






Table 14. Competing OLS models controlled with the percent of screening. 









































% Education -.004404*** 
(.001625) 
- - - 
% Public assistance  - .003439** 
(.001742) 
- - 
% Poverty - - .000652 
(.001576) 
- 
Median income - - - -.000000 
(.000001) 
Overall model fit statistics     
Number of VIF  
(10> VIF >5) 
1 0 0 0 
R-squared .81 .81 .80 .80 
Adjusted R-squared .81 .80 .80 .80 
Akaike’s Information 
Criterion corrected  
-17.17 -13.72 -9.92 -9.75 
F-Statistics 176.99*** 173.47*** 169.66*** 169.49*** 
Wald Statistic 954.17*** 925.97*** 903.76*** 901.26*** 
Koenker Statistic 6.45 6.91 7.44 7.18 
Jarque-Bera Statistic 5.85* 5.39* 6.01** 6.03** 
Moran’s I (d=10km) .03** .02 .03** .03** 
N=212, standard errors of the regression coefficients are within parentheses.  
***p<.01, **p<.05, *p<.10. See Appendix F for more details. 
Targeted screening is a common approach for childhood lead poisoning screening efforts. 
These results might indicate that screening efforts in Shelby County focused on the areas with 




of poverty. In other words, the socio-economic risk factors that were significant in the initial 
models in Table 11 are still significant because they might be a composite of each other. This 
relationship was further analyzed with removing the insignificant variables from the models in 
Table 14.  
Table 15 shows the result after the removal of insignificant variables. Unlike previous 
models, the number of observations increased by two since screening percentage acted as a 
natural imputation. According to this new model, there was no change of directions in the 
coefficients. No change was also observed in significance/non-significance status for the 
variables. However, the percent of public assistance variable became more significant. The 
results from Table 14 and Table 15 indicated that the percent of screening could be a function of 
four variables: median construction year, the percent of African American population, poverty, 
and median income. A slight increase in AICc was observed in all models in this step. A 
significant positive effect was observed in the spatial autocorrelation test results. Different than 
previous models, none of the Moran’s Indices were significant. This may indicate that the use of 
the percent of screening criteria may result in more robust regression models. 
Soil Lead Concentration and BLLs 
“Is there an association between soil lead concentration and the Percent of EBLL cases?” 
was the fourth question. In this inquiry, global OLS models were used to explore the relationship 
between soil lead contamination and children BLLs in Shelby County, TN. Model-1, which was 
developed in the first research question, was used in this research question and the following 
research question related to the abatement efforts. The preliminary models indicated that the 
percent of old housing criterion has a significant impact on soil lead contamination variables. 




Table 15. Competing OLS models controlled with the percent of screening after insignificant  
risk factors were removed. 

























% Education -.004995*** 
(.001570) 
- - - 
% Public assistance  - .004285*** 
(.001521) 
- - 
% Poverty - - .001564 
(.001510) 
- 
Median income - - - -.000001 
(.000001) 
Overall model fit statistics     
R-squared .81 .81 .80 .80 
Adjusted R-squared .81 .81 .80 .80 
Akaike’s Information 
Criterion corrected  
-20.36 -18.22 -11.38 -10.81 
F-Statistics 301.47*** 297.77*** 286.20*** 285.26*** 
Wald Statistic 950.02*** 941.83*** 896.68*** 893.34*** 
Koenker Statistic 5.75 5.86 6.56* 6.53* 
Jarque-Bera Statistic 5.10* 5.45* 6.15** 6.10** 
Moran’s I (d=10km) .02 .01 .01 .02 
N=214, standard errors of the regression coefficients are within parentheses.  
***p<.01, **p<.05, *p<.10. See Appendix G for more details. 
 The first model was designed without the percent of old housing (Table 16) and the 
second model was with the percent of old housing (Table 17). Two soil lead variables (proximity 
and Kriging methods) were analyzed in those models. Table 16 shows that there is a significant 




Kriging results indicated that this significant association was observed only in the third group 
which represents the area with soil lead contamination with 200 ppm and higher.   






















Closest high soil lead .000317** 
(.000143) 
- 




Soil lead level group 2 
(≥100ppm and <200pm) 
- .134194 
(.071448) 




Overall model fit statistics   
R-squared .71 .73 
Adjusted R-squared .71 .72 
Akaike’s Information 
Criterion corrected  
69.65 63.82 
F-Statistics 128.39*** 90.58*** 
Wald Statistic 527.50*** 609.98*** 
Koenker Statistic 1.76 7.30 
Jarque-Bera Statistic 4.87 3.66 
Moran’s I (d=10km) .06*** .04** 
N=212, standard errors of the regression coefficients are within parentheses.  
***p<.01, **p<.05, *p<.10. See Appendix H for more details. 
 On the other hand, Table 17 indicates that soil lead contamination is not significantly 




with the percent of old housing. This could be because the soil lead samples were limited to a 
part of Shelby County. Studies with a larger soil sample size are needed to confirm these results. 
Table 17. Soil lead OLS models controlled with the percent of old housing. 
Variables 
Proximity  
Method OLS (a) 
Kriging  





















Closest high soil lead .000024 
(.000139) 
- 




Soil lead level group 2 
(≥100ppm and <200pm) 
- -.011412 
(.071617) 




Overall model fit statistics   
R-squared .76 .76 
Adjusted R-squared .75 .75 
Akaike’s Information 
Criterion corrected  
34.43 35.83 
F-Statistics 129.85*** 93.54*** 
Wald Statistic 762.85*** 782.61*** 
Koenker Statistic 4.52 6.70 
Jarque-Bera Statistic 5.71 4.07 
Moran’s I (d=10km) .02 .02 
N=212, standard errors of the regression coefficients are within parentheses.   





Abatement Efforts and BLLs 
The third research question was “is there an association between abatement efforts and 
percent children with EBLLs?” The percent of abated houses (number of abated houses divided by 
the number of residential constructions built before 1978) was investigated to answer this 
question. Similar to the previous research question results on soil lead level and childhood BLL 
associations, the percent of old housing had a significant impact on the abatement variables. The 
percent of abatement was first regressed with median construction year, the percent of African 
American population, and the percent of education attainment without the percent of old housing 
(Table 18).  

























Overall model fit statistics   
R-squared .71 .72 
Adjusted R-squared .71 .71 
Akaike’s Information 
Criterion corrected  
68.64 66.15 
F-Statistics 129.25*** 131.39*** 
Wald Statistic 517.55*** 526.00*** 
Koenker Statistic 15.55*** 19.00*** 
Jarque-Bera Statistic 8.19** 10.61*** 
Moran’s I (d=10km) .06*** .05*** 
N=212, standard errors of the regression coefficients are within parentheses.  




The results indicated that the percent of abatement had a significant positive association 
with the outcome variable. The positive direction indicates that the higher the percent of 
abatement, the higher the percent of children with EBLLs. However, these associations became 
insignificant when the percent of old housing was controlled in those models (Table 19). This 
could be because the abatement efforts were focused on the same area that soil lead sampling 
focused. The positive association in Table 18 could also mean that the abatement efforts are 
targeting high risk neighborhoods as it is supposed to be. However, abatement efforts are only 
mitigating the lead exposure among Shelby County children instead of eradicating the problem. 




2009 OLS (a) 
Total 

























Overall model fit statistics   
R-squared .76 .76 
Adjusted R-squared .75 .75 
Akaike’s Information 
Criterion corrected  
34.07 33.61 
F-Statistics 130.14*** 130.52*** 
Wald Statistic 758.96*** 759.38*** 
Koenker Statistic 7.03 7.71 
Jarque-Bera Statistic 6.04** 6.34** 
Moran’s I (d=10km) .02 .02 
N=212, standard errors of the regression coefficients are within parentheses.  





Since a part of the dataset from the previous chapter was used in this section, the same 
limitations that were pointed out in the previous chapter were also valid in this chapter. Address 
geocoding limitations which were addressed in the previous chapter could also apply here in this 
chapter for the children birth records that were geocoded by SCHD. Depending on the positional 
error, some children may not be assigned to their correct census tracts. Another limitation was 
residential mobility. The use of the birth records for 10 years may cause bias if a significant 
residential mobility occurred. Even though a possible selection bias is controlled by the variables 
of old housing, race, income etc., there may still be bias in screening that are not considered in 
the models. Additionally, the children screened in Shelby County may not have represented the 
total population in the county. 
Conclusion 
Studies often found significant association between childhood lead poisoning and socioeconomic 
status (SES) (Griffith et al. 1998, 2007; Haley and Talbot 2004; Hanchette 2008; Kaplowitz et al. 
2010; Kim et al. 2008; Krieger et al. 2003; Miranda et al. 2002; Oyana and Margai 2007, 2010; 
Sargent et al. 1997; Vaidyanathan et al. 2009); specifically, old housing (Griffith et al. 1998; 
Haley and Talbot 2004; Hanchette 2008; Kaplowitz et al. 2010; Kim et al. 2008; Mielke et al. 
1997; Miranda et al. 2002, 2007, Oyana and Margai 2007, 2010; Reissman et al. 2001; Roberts 
et al. 2003; Sargent et al. 1995, 1997; Vaidyanathan et al. 2009), the percent of African 
American population (Griffith et al. 1998, 2007; Haley and Talbot 2004; Hanchette 2008; 
Kaplowitz et al. 2010; Kim et al. 2008; Miranda et al. 2002, 2007), ethnicity (Kim et al. 2008; 
Oyana and Margai 2007, 2010), population density (Griffith et al. 1998; Lanphear et al. 1998), 




the findings in those studies. “What factors contribute to elevated BLLs in Shelby County, TN?” 
was the first research question. The global and local statistical models showed that there is are 
significant relationships between the percent of children with EBLLs and the percent of 
screening, median construction year, old housing, median income, monthly rent, African 
American population, education attainment, public assistance, poverty, and median income. 
Unlike Griffith et al. (1998) and Lanphear et al. (1998), population density was not found to be 
associated with the percent of children with EBLLs. Percent vacancy was another variable that 
was explored. In their studies Sargent et al. found a relationship between the percent of vacancy 
and the percent of children with EBBLs (10≥µg/dL) in 1995 and 1997. However, no association 
was found between vacancy status and childhood lead poisoning in this study based on both 
global and local statistics.  
All of the studies cited above used global statistics. Additional to global statistics, local 
statistics were also employed by Geographically Weighed Regression (GWR) in this study in 
order to answer the second research question; “which risk factors demonstrate regional variations 
throughout Shelby County?” The distribution of significant local coefficients were explored 
through several GWR models. A noteworthy spatial non-stationarity was observed among the 
significant local coefficients of the percent of African American population. A little spatial non-
stationarity was observed in the percent of old housing coefficients. Spatial non-stationarity was 
also found among other variables such as education attainment, public assistance, poverty, and 
median income.  
According to global and local statistics, there is a positive association between childhood 
lead poisoning and the percent of African American population which means the percent of 




However, based on the significant local coefficients of the percent of African American, this 
increase can happen 2 to 4 times higher in the south-west corner of Shelby County (White 
Haven-Coro Lake neighborhood) than to the north-east section of Shelby County (Bartlett, 
Cordova etc.). This finding shows that GWR could be very effective and helpful to the childhood 
lead poisoning prevention programs in designing region specific target areas by risk factors. The 
same methodology can further be applied to the percent of screened children and hence can also 
be helpful in adjusting the volume of future screening efforts for specific neighborhoods. 
“What is the relationship between the outcome variable and screening efforts?” was the 
third research question. Risk factors education, public assistance, poverty, and median income 
were studied separately due to a strong multicollinearity in previous models. When these models 
were controlled with the percent of screening, median construction year and the percent of 
African American population were found insignificant in four models. Besides, median income 
and poverty were also found insignificant after the percent of screening variable introduced to 
the models. The percent screening variable was positive which may indicate, the more the 
screenings the higher the percent of children with EBLLs. However, this conclusion could be a 
biased assumption since the screening itself was biased due to the targeting screening approach. 
According to the screening guidelines by CDC children live in high percentage of African 
American population, high percentage of poverty, lower median income, and high percent 
poverty areas are more likely to be screened. Therefore, the percent of screening could be a 
function of median construction year, the percent of African American population, median 
income, and poverty.  
“Is there an association between soil lead concentration and the percent of EBLL cases?” 




1992; Johnson and Bretsch 2002; Mielke et al. 1997, 2011a, 2013, Miranda et al. 2007, 2011) 
investigated the environmental effects on childhood lead poisoning. Some of those studies 
(Johnson and Bretsch 2002; Mielke et al. 1997, 2011a, 2013) focused on the associations 
between children BLLs and soil lead contamination. The results in this study regarding soil lead 
contamination also corroborated these studies. Soil lead contamination was investigated through 
several models by two different soil lead contamination variables: proximity and Kriging based. 
A significant association was found when these variables regressed separately in different 
models with median construction year, the percent of African American population, and 
education. However, these soil lead concentration variables became insignificant after a second 
“old housing” indicator (the percent of old housing) was introduced to the model. This could be 
because both major pathways, old housing and soil lead contamination, often coincide in old city 
cores. Another reason could be sample size, or their location (school surroundings). Future 
studies with larger soil samples needed to confirm these results.  
“Is there an association between abatement efforts and the percent of children with EBLL?” 
was the final research question. None of the studies reviewed in chapter one controlled their 
models with abatement efforts. This question was intended to answer the inquiry whether the 
SCHD targets the right neighborhoods for abatement. Similar models to the previous research 
question were used. Two versions of the percent abated houses variables were used. These 
variables were first regressed with median construction year, the percent of African American 
population, and the percent of education attainment without the percent of old housing. The results 
indicated that the percent of abatement had a significant positive association with the outcome 
variable. The positive direction indicates that the higher the percent of abatement, the higher the 




percent of old housing was controlled in those models. This could be because the abatement 
efforts were focused in certain parts of Shelby County and almost half of the census tracts were 
not subject to abatement efforts at all. The positive association in the percent of abated houses 
could mean that the abatement efforts are targeting high risk neighborhoods but they are only 







This dissertation comprises three parts. The first part is a review of twenty-three GIS-based 
studies that examine childhood lead poisoning and its risk factors. GIS use in childhood lead 
poisoning studies revealed greater detail about the magnitude of lead poisoning within 
populations (Akkus and Ozdenerol 2014). Reviewed articles indicate that surveillance and 
screening practices have extended considerable amount of importance in targeting “at-risk” 
populations. Risk factors for childhood lead poisoning (age of housing, urban/rural status, 
race/ethnicity, socioeconomic status, population density, renter/owner occupancy, housing value, 
and nutritional status) have been thoroughly parsed out in childhood lead poisoning research. 
Environmental studies on lead paint usage before 1978 have shown a link between house age and 
elevated BLLs. Soil studies can also reveal sources of lead toxicity. Several studies have shown 
that the distribution of lead toxicity among young children can be explained by proximity to high 
volume traffic areas. The environmental studies in this review also indicate a correlation between 
BLLs and African American populations. All of the articles reviewed in this paper show the 
development of an increasing awareness of the intricacies of lead poisoning and its effects on 
children and their neighborhoods. 
The second part studied the effect of deduplication methods and their hot spot analysis by 
the Getis-Ord Gi statistics. The resultant hot spots had similar patterns with respect to these 
characteristics, except some hot spots only became visible with the highest-BLL deduplication 
method. Therefore, the highest-BLL could be beneficial in finding environmentally caused at-




over the other. Instead, this study underscores the need for an exploratory, integrative approach 
to assessing at risk areas for childhood lead poisoning, since different methods can identify 
different patterns. Local Gi
*
 can be efficient to find childhood lead poisoning at-risk areas which 
may help health departments target at-risk neighborhoods for both BLL screenings and 
abatement efforts. The comparison between the two most used deduplication methods in the 
literature suggests that both methods provide useful ways to characterize the spatial aspects of 
lead poisoning. 
The third part focused on global and local statistical models using ordinary least squares 
(OLS) and geographically weighted regression (GWR). These statistics were used to find the 
global and local risk factors in Shelby County, Tennessee. The results in this part showed that 
there is a significant relationship between the percent of children with EBLLs and percent 
screening, median construction year, the percent of old housing, median income, monthly rent, 
African American population, education attainment, public assistance, poverty, and median 
income. Unlike some studies, population density and percent vacancy were not found to be 
associated with the outcome variable. Soil lead contamination and abatement efforts were also 
modeled in this part. Similar to the literature, the results in this section indicated that there is a 
relationship between soil lead concentration and the outcome variable. Abatement efforts were 
also found to be associated with the outcome variable. The positive direction of this association 
could mean the SCHD targeted at risk neighborhoods for abatement.  
Research Implications on Screening Efforts and Future Directions  
The importance of GIS was recognized by the CDC in 2004 after they developed a guideline for 
the use of GIS in childhood lead poisoning studies. However, GIS has still not been efficiently 




and 2013 in Shelby County, there were more than 20,000 BLLs which do not have any address 
information at all. In the same period, almost 10,000 additional BLLs were not geocoded due to 
improper address information. These errors may cause invalid inferential statistical results in 
studies. The integration of GIS in the data collection phase could be beneficial to collect accurate 
address information. In such a system, addresses can be easily validated at the first step of data 
collection. Future GIS studies are needed to develop such systems to help health officials collect 
accurate address information.  
Even though the second part focused on the deduplication and its effect on hot spot 
analysis, the Local Gi
*
 statistic that was used to compare the deduplication method can be easily 
implemented in designing screening activities. Furthermore, global and local statistics in Chapter 
3 corroborated the relationship between the hot spot area and overall Shelby County 
characteristics on the percent of children with EBLLs. In another words, Local Gi
*
 statistics that 
model previous BLLs or the counts of EBLLs can provide a fast and effective solution at 
targeting high risk areas. In this study, a false discovery rate (FDR) correction was used to 
account for multiple testing. According to Caldas de Castro and Singer (2006), FDR can also 
address global spatial autocorrelation. However, future studies are needed to test the effect of 
global spatial autocorrelation over local hot spots.  
Another implication of this research is that local statistics such as a geographically 
weighted regression (GWR) could be beneficial to better target at risk locations in childhood lead 
poisoning. The results in the third chapter indicate that risk factors might differentiate based on 
different neighborhoods in a study area. Spatial non-stationarity could be common in the 
coefficients of the risk factors. When health departments design their targeted screenings, they 




global statistics. Therefore, a location specific approach applied in this study could be beneficial 
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Appendix C. Python Script for Multi-level Feature Table Sorting 
# Name: Sort.py 
# Description: Sorts BLLs by methods 
# Author: Cem Akkus (The script was adopted from ESRI Python Script samples) 
 
# Import system modules 
import arcpy 
from arcpy import env 
 
try: 
    # Set workspace environment 
    env.workspace = "../deduplication.gdb" 
 
    # set local variables 
    in_dataset = "studyPeriod" 
    out_dataset_by_firstrecord = "_sort_by_firstrecord" 
    out_dataset_by_highestrecord = "_sort_by_highestrecord" 
 
    # Order features first by PatientID and then by SampleDate and BLL 
    sort_firstrecords = [["PatientID", "ASCENDING"], ["SampleDate", "ASCENDING"]] 
    sort_highestrecord = [["PatientID", "ASCENDING"], ["PbB", "DESCENDING"]] 
 
    # Use Peano algorithm 
    sort_method = "PEANO" 
 
    # execute the function 
    arcpy.Sort_management(in_dataset, out_dataset_by_firstrecord, sort_firstrecords, 
sort_method) 
    arcpy.Sort_management(in_dataset, out_dataset_by_highestrecord, sort_highestrecord, 
sort_method) 
 
    print arcpy.GetMessages() 
 
except arcpy.ExecuteError: 
    # Print error messages 
    print arcpy.GetMessages(2) 
     
except Exception as ex: 





Appendix D. Python Script for Address Order Calculation 
# Name: AddressOrder.py 
# Description: This script calculates the address order for each BLL in the study period. 
# Author: Cem Akkus 
 
Pre-Logic Script Code: 
uniquePatientList = [] 
uniqueAddressList = [] 
 
def DiffAddOrder(Patient, Address): 
 
    if Patient in uniquePatientList: 
        if Address in uniqueAddressList: 
            return uniqueAddressList.index(Address)+1 
        else: 
            uniqueAddressList.append(Address) 
            return uniqueAddressList.index(Address)+1 
    else:  
        del uniqueAddressList[:] 
        uniquePatientList.append(Patient) 
        uniqueAddressList.append(Address) 
        return 1 
 
DiffAddOrder= 



































































































































































































































































































Appendix H. Table 16 OLS Reports 









































Appendix I. Table 17 OLS Reports 












































Appendix J. Table 18 OLS Reports 








































Appendix K. Table 19 OLS Reports 




















Total Abatement OLS (a) 
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